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Cover  Picture 


The  cxjver  picture  shows  retrieved  land  surface  types  using  the  SSM/I  land  surface  typing 
algorithm  given  in  Section  9. 1 .  The  Mollweide  equal-area  projection  is  composed  of  SSM/I 
measurements  from  64  consecutive  revolutions  of  the  DMS?  satellite  over  a  four  day  period 
starting  September  21 ,  1987.  The  surface  of  the  earth  has  been  divided  into  17  separate  surface 
categories.  Each  of  the  categories  has  been  assigned  a  unique  color  to  produce  this  image.  The 
land  surface  types  are  as  follows.  Starting  at  the  left  end  of  the  color  bar,  medium  blue 
represents  the  land  surface  type  of  standing  water  or  flooded  conditions.  Examples  of  this  tyj^e 
can  be  seen  in  Bangladesh,  Nepal,  and  Thailand.  The  dark  green  represents  dense  vegetation, 
as  seen  in  parts  of  Brazil  and  central  Africa,  followed  by  light  green  which  is  dense 
agncultural/rangeland  vegetation  and  can  be  seen  in  Argentina  and  the  east  coast  of  the  United 
States.  Dry  arable  soil  is  next,  shown  as  beige,  followed  by  moist  soil  colored  brown,  semi-arid 
surfaces  tan  and  desert  yellow.  Dry  arable  soil  can  be  seen  in  Angola,  Zambia,  and  the  northern 
Great  Plains  of  North  America  Example?  nf  moist  soil  can  also  be  seen  in  the  northern  Great 
Plains  of  North  America,  Semi-arid  conditions  exist  aiong  the  Andes  in  South  America  and 
north  of  the  Kalahari  Desert  in  Africa.  Desert  surface  types  are  seen  in  the  Sahara,  the  Arabian 
Peninsula,  Australia  and  other  regions  of  the  world,  TTiesc  are  followed  by  precipitation  ovei 
vegetation  shown  as  blue  gray  and  seen  in  small  regions  in  South  America  and  central  Africa 
and  precipitation  over  soil  shown  as  turquoise  and  seen,  for  example,  in  southern  Africa. 
Composite  vegetation  and  water  is  shown  as  light  blue  and  is  seen  in  large  regions  of  South 
America  and  Africa,  composite  soil  and  w'aier/wet  soil  surface  is  shown  as  ret’  and  is  seen  in 
Canada  and  other  regions.  The  land  surface  types  finish  with  three  snow  types.  Diy  snow  is 
white  and  L  seen  in  centra!  Asia,  wet  snow  is  light  gray  which  can  also  be  seen  in  central  Asia 
and  refrozen  snow,  which  is  medium  gray,  can  be  found  in  Greenland.  The  black  areas  in 
Greenland  and  Antarctica  are  regions  where  a  land  surface  type  could  not  be  identified.  The 
ocean  is  divided  into  2  categories.  Dark  blue  wnich  represents  open  ocean  and  dark  gray  which 
is  sea  ice.  The  final  category  is  violet  which  designates  the  coastal  regions. 
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water  vapor  and  CIX>tTD  WATER  VAI.IDATION 


1  INTRODUCTION 

Two  of  the  many  useful  geophysical  parameters  that  the  SSMA  can  measure  are  the 
ainount  of  water  vapor  and  the  amount  of  cloud  liquid  water  between  the  ocean’s  surface  and 
the  top  of  the  atmosphere.  The  water  content  of  the  atmosphere  is  very  important  for 
meteorology,  climatology,  and  hydrology.  The  evaporation  of  water  from  tlie  ocean  surface  and 
its  condensation  into  clouds  and  precipitation  is  an  important  energy  transport  mechanism  for 
the  dynamics  of  the  atmosphere.  The  amount  of  liquid  water  in  oiouds  affects  the  incoming  and 
outgoing  radiative  fluxes.  The  water  that  eventually  falls  as  precipitation  over  land  comes  from 
the  ocean. 

The  objectives  of  this  investigation  were  to  validate  the  initial  or  Hughes  algorithms  for 
total  precipitable  water  and  cloud  liquid  water  and,  if  necessary,  derive  a  new  or  improved 
algorithm.  The  Hughes  algorithms  (see  [1])  are  divided  into  eleven  (11)  climate  codes  per 
hemisphere.  Each  climate  code  represents  a  set  of  coefficients  for  a  particular  latitude  zone  and 
season.  There  are  three  distinct  sets  of  coefficients  for  the  retrieval  of  water  vapor  and  nine  for 
the  retrieval  of  cloud  liquid  water  over  the  ocean.  For  the  retrieval  of  cloud  liquid  water  over 
land,  there  are  eleven  distinct  sets  of  coefficients. 

Validating  the  Hughes  algorithm  required  the  acquisition  of  surface  measurements  from 
a  variety  of  latitude  zones  and  seasons.  For  the  total  water  vs^r  validation,  radiosonde  data 
from  small  island  stations  and  the  few  remaining  weather  ships  was  collected.  Initially  a  list  of 
49  poteniiai  stations  was  compiled  with  size  and  latitude  tiemg  the  only  considerations.  Once 
the  various  match-up  criteria  were  invoked,  data  from  only  19  stations  were  used.  The  criteria 
were  that  the  satellite  observation  and  radiosonde  must  be  coincident  within  2  hours  and  2 
degrees  of  latitude  and  longitude.  These  radiosonde  observations  were  collected  from  National 
Meteorological  Center  (NMC)  files,  integrated  to  obtain  the  total  prccipitablc  water,  and 
matched  with  ihe  satellite  data.  ITie  period  of  collection  of  data  was  from  June,  1987  to  August, 
1988. 


The  selection  of  sites  for  surface  measurements  is  important  in  that  the  launching  site, 
be  it  ship  or  island,  must  be  sufficiently  small  so  that  it  does  not  affect  the  radiometer  measure¬ 
ments. 


Initially  it  was  planned  that  surface  observations  of  cloud  liquid  water  would  be  obtained 
from  upward  looking  radiometers  and  aircraft.  Due  to  delays  in  the  launch  of  the  SSM/1,  it  was 
not  feasible  to  acquire  aircraft  data.  Data  for  the  cloud  liquid  water  determinations  over  the 
ocean  were  taken  by  NOAAAVave  Propagation  Laboratory  (WPL)  personnel  from  San  Nicholas 
Island  as  part  of  Project  FIRE  and  by  University  of  Massachusetts  (UMass)  personnel  from 
Kwajalein  Island.  Data  over  land  were  taken  by  NOAA/WPL  from  the  four  stations  that  make 
up  the  Colorado  remote  profiling  network. 
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NESDIS  contracted  with  S.  M.  Systems  and  Research  Coq>tiration  (SMSRC)  of 
Landovcr,  MD,  to  develop  and  run  the  necessary  software  to  do  the  comparisons  and  the 
algorithm  refinement. 

Since  tlic  preparation  of  material  for  Volume  I  of  the  CalA^al  Teaii'  Final  Report 
additional  analysis  has  been  done  and  additional  data  have  been  acquired.  Tlts  continuing 
process  of  algorithm  development  and  refinement  has  led  to  some  minor  changes  in  the 
coefficients  used  to  derive  total  precipitable  water  and  completely  different  algorithms  for  cloud 
liquid  water.  Additionally  we  are  now  expressing  our  results  in  the  more  commonly  usetl  kg/m*. 


7.2  DATA  PROCESSING 

The  data  handling  procedures  described  in  this  section  were  devised,  encoded,  and 
executed  by  SMSRC  personnel.  The  details  are  given  in  [2]. 

7.2.1  Data  Handling  -  Total  Precioitable  Water 

1 .  Radiosonde  Observation  (Raob)  Collection 

Raob  repoils  were  collected  daily  from  the  NMC  ADPUPA  files  for  00  UTC  and  12 
UTC  for  the  selected  radiosonde  stations.  The  job  was  submitted  operationally  beginning  June 
33,1987,  and  ending  August  3,  1988.  All  reports  found  for  the  selected  stations  were  picked 
up  without  regard  to  quality  of  data. 

2.  Surface  Report  Collection 

Reports  of  surface  conditiens  from  the  radiosonde  stations  were  picked  up  immediately 
after  the  raob  collection  job  finished  executing.  This  job  was  submitted  operationally  from  July 

3.  1987,  to  August  3,  1988. 

3.  Collection  of  SSM/I  Data 

Matches  between  SSM/I  data  and  collected  raob  reports  '  ere  predicted  using  a  version 
of  SMIOPS  which  runs  on  the  NAS  9050.  Based  on  these  predictions  selet  i'^d  SSM/1  revolu¬ 
tions  were  requested  from  NRL.  When  data  were  received,  the  tapes  are  niOU.nted  on  die 
system.  Those  SDR  files  on  tape  which  contained  desired  data  were  rc*id  and  the  data  (l^right- 
ncss  temperatures)  were  unpacked  and  stored  in  an  ’SSM/I  temporary  file’. 

4.  Matching  between  SSM/I  Data  and  Raob  Data 

A  match  program  was  run  which  read  the  SSM/1  temporary  file  ^md  tiic  raob  holding  file 
and  found  the  four  closest  SSM/I  footprints  to  each  raob  r^>rt  All  matches  had  lo  be  v/ithin 
2  hours  and  2  degrees  latitude  and  longitude  of  the  S  •‘taiica 


7-2 


5.  Calculation  of  Total  Precipitable  Water 

A  program,  which  was  based  on  the  FNOC  code  provided  to  us,  read  the  matches  from 
the  match  tile,  and  calculates  the  total  precipitable  water  values  from  the  SSM/I  brighmess 
temperatures.  Values  which  were  outside  spedtied  limits  w^  set  to  12.70.  Values  whidt 
could  not  be  calculated  due  to  presence  of  rain  or  ice  were  set  to  12.7S. 

6.  Quality  Control 

Resulting  matches  were  printed  in  a  summary  rqx>rt.  Matches  which  have  SSM/1 
retrieved  or  calculated  values  of  total  precipitable  water  which  were  unreasonable  were  investi¬ 
gated.  If  necessary,  these  matches  were  removed.  Raobs  were  screened  for  missing  surface 
pressure  values. 

7.  Statistics 

Means  of  laob  and  SSM/I  re  ieved  precipitable  water  values,  the  bias,  and  RMS  errors 
between  them  were  calculated. 

8.  Regression 

Raob  -  retrieval  matches  were  used  in  a  r^ression  to  obtain  total  precipitable  water  as 
3  function  of  brightness  temperatures. 

7.2.2  Data  Handling  -  Cloud  Liciuid  >Vater 

1.  Observation  Collection 

Cloud  liquid  water  observations  were  received  tix)m  the  various  obs^ation  sites.  The 
data  were  then  reformatted  inro  the  ’SSM/I  temporary  tile’  format. 

2.  Collection  of  SSM/I  Data 

Matches  between  SSM/I  data  and  cloud  liquid  water  observations  were  predicted.  All 
SSM/I  data  within  2  degrees  latitude  and  longitude  of  the  observation  sites  were  collected. 

3.  Matching  between  SSM/I  Data  and  Obs^ations 

A  match  program  was  run  which  picked  the  four  SSM/I  retrievals  which  were  closest  to 
the  observation  site.  Then  the  observation  which  was  closest  in  time  to  the  SSM/I  overpass  was 
chosen  for  the  match. 
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4.  Calculation  of  Cloud  Liquid  Water 

A  program,  based  on  the  FNOC  code,  read  the  mateh  file  and  calculated  the  cloud  liquid 
viater  value  using  the  SSM/I  brightnesi  temperatures. 

5.  Statisdcs 

Means  and  RMS  ernors  between  the  observed  and  retrieved  cloud  liquid  watra*  values 
were  calculated. 

7.3  TOTAL  PRECIPrrABLE  WATER  (WATER  VAPOR) 

7.3.1  Surface  Data  Sources 

The  major  source  of  surface  data  for  the  validaticm  of  the  SSM/I  determinations  of  total 
prccipitable  water  wr\s  the  international  radiosonde  network.  The  pressure,  temperature,  and 
humidity  data  from  the  radiosondes  were  int^iated  numerically  to  give  a  value  which  could  be 
compart  with  SSM/I  values.  It  was  required  that  the  radiosonde  station  be  a  small  island  or 
one  of  the  remaining  weather  ships.  Small  is  defined  as  less  than  18%  of  the  instantaneous 
field-of-vicw  (IFOV)  of  the  19  GHz  channels.  Initially  a  list  of  49  possible  stations  was 
prq)ar>  J.  These  stations  are  shown  in  Table  7.1.  Most  radiosondes  are  laundied  at  0  and  12 
UTC,  while  the  SSM/I  has  an  approximately  0600  LST  ascending  node.  Of  the  49  possible 
stations,  matches  from  only  19  were  obtained.  The  .stations  indicated  with  an  asterisk  are  the 
‘‘match-up”  stations.  To  be  considered  a  ”match-up"  it  was  required  that  the  radiosonde  and 
satellite  measurements  be  coincident  within  2  hours  and  2  decrees  of  latitude  and  Itmgitude. 

The  radiosondes  measure  pressure,  temperature,  and  humidity  at  various  levels  in  the 
atmosphere.  These  measurements  are  then  transmitted  worldwide  to  various  meteorological 
centers,  including  the  U.  S.  National  Meteorological  Center.  The  raobs  and  selected  surface 
observations  were  combined  with  matching  SSM/I  brighmess  temperatures  to  form  a  data  sei 
which  could  be  used  to  evaluate  algorithms  for  deriving  total  precipitable  water  over  the  ocean. 

The  total  precipitable  water  was  calculated  from  the  equation 


U  =  l/2g  E  (qj  +  qi^,)(pi  -  p,^,)  (1) 

where  g  =  acceleration  of  gravity,  qj  -  the  mixing  ratio  of  water  vapor  to  dry  air  at  the  ith 
level,  and  —  pressure  at  the  ith  level.  The  units  of  U  are  kg/nf,  thus  requiring  g  to  be 
expressed  in  m/s^,  qj  in  kg/kg,  and  p,  in  newtons/m’. 
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TABLE  7.1 

RADIOSONDE  STATIONS 


NAME 

NUMBER 

LAT 

LONG 

AREA 

IFOV 

MACQUARIE  IS.* 

94998 

-54.50 

158.95 

E 

109 

4.41 

MARION  IS 

68994 

-46.88 

37.87 

B 

388 

15.71 

GOUGH  IS. 

68906 

-40.35 

9.88 

W 

83 

3.36 

I.N.  AMSTERDAM* 

61996 

-37.80 

77.53 

B 

62 

2.51 

KERMADEC  IS. 

93997 

-29.25 

177.92 

W 

34 

1.38 

NORFOLK  IS. 

94996 

-29.05 

167.93 

E 

34 

1.38 

AUSTRAL  IS. 

91958 

-27.62 

133.33 

W 

47 

1.90 

EASTER  IS.* 

85469 

-27.17 

109.43 

w 

117 

4.74 

TOTEGEGIB 

91948 

-23.10 

134  87 

w 

31 

1.26 

COOK  ISLES 

91843 

-21.20 

159.82 

w 

218 

8.83 

TRINDADE  IS. 

83650 

-20.50 

29.32 

w 

10 

.40 

TUAMOTU 

91944 

-18.07 

140.95 

w 

OK 

N/A 

ST.  HELEN/ 

61901 

-15.97 

5.70 

w 

122 

4.94 

PAGO  PAGO 

91765 

-14.33 

170.72 

w 

135 

5.47 

COCOS  IS.* 

96996 

-12.18 

%.83 

E 

14 

.57 

ATUONA 

91925 

-9.82 

139.02 

W 

200 

8.10 

PENRHYN 

91801 

-9.02 

158.07 

w 

10 

.40 

FUNAFUTI 

91643 

-8.52 

179.22 

B 

2.80 

.11 

AS(3ENSION  IS. 

61902 

-7.97 

14.40 

w 

88 

3.56 

DIEGO  GARCIA* 

61967 

-7..75 

72.48 

E 

152 

6.15 

MAJURO 

91367 

7.03 

171.38 

E 

10 

.40 

KOROR 

91408 

7.33 

134.48 

B 

8 

.32 

TRUK 

91334 

7.47 

151.85 

E 

118 

4.78 

KWAJALEIN 

91366 

8.72 

167.73 

B 

15 

.65 

YAP 

91413 

9.48 

138.08 

E 

54 

2.19 

ISLA  SAN  ANDREAS* 

80001 

12.58 

81.70 

w 

20.50 

.83 

TARAWA 

91610 

13.05 

172.92 

E 

23 

.93 

BARBADOS* 

78954 

13.07 

59.50 

w 

431 

17.45 

I  JOHNSTON  IS. 

91275 

16.73 

169.52 

w 

1.30 

.15 

1  SAN  MAARTEN* 

78866 

18.05 

63.12 

w 

85 

3.44 

1  WAKE  IS, 

91245 

19.2R 

166.65 

E 

8 

.32 

y  ROBERTS  FLD.* 

78384 

19.30 

81.37 

w 

183 

7.41 

1  MARCIAS  IS. 

47991 

24.30 

153.97 

B 

2.60 

.11 

1  ISHIGAiOJIMA* 

47918 

24.33 

124.17 

B 

215 

8.70 

y  MINAMEDAirO  JIMA* 

47945 

25.83 

131.23 

E 

46.6 

1.89 

CHICHI  JIMA 

47971 

27.08 

142.18 

E 

24.6C 

1.00 

MIDWAY 

91066 

28.22 

177.37 

W 

15 

.61 

TANGO 

C7T 

29 

135 

E 

OK 

N/A 

KINDLEY  FIELD* 

78016 

32.37 

64.68 

W 

53 

2.15 

HACHUAJIMA* 

47678 

33.12 

139.78 

E 

69.90 

2.83 

1  ROMEO 

C7R 

47 

17.00 

W 

OK 

N/A 

SHEMYA  IS. 

70414 

52.72 

174.10 

E 

21 

.85 

COCA* 

C7C 

52.75 

35.50 

w 

OK 

N/A 

LIMA* 

C7L 

57 

10.00 

W 

OK 

N/A 

ST.  PAUL  IS.* 

70308 

57.15 

170.22 

w 

90.60 

3.67 

MIKE* 

C7M 

66 

2.00 

E 

OK 

N/A 

JAN  MAYEN 

01001 

70.93 

8.67 

w 

373 

15.10 

BJORNOYA* 

01C28 

74.52 

19.02 

E 

179 

7.25 

_ 

imr 
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In  Table  7.1  the  entries  are  the  name  of  the  station,  its  World  Meteorological 
Organization  number,  latitude  with  degrees  south  expressed  as  minus,  longitude,  die  area  in 
square  kilometers,  and  the  peromtage  of  the  19.3S  GHz  IFOV  that  the  station  occupies.  We 
were  unable  to  obtain  exact  estimates  of  the  ar^  of  some  of  the  islands.  We  were  able  to 
verify  that  they  were  small  in  comparison  to  the  19  GHz  footprints.  The  weather  ships  also 
were  assumed  to  be  small. 

7.3.2  Comparisons 

7.3.2. 1  Initial  Algorithm 

The  initial  algorithms  for  retrieving  SSM/I  geophysical  parameters  are  described  in  [1] 
and  will  be  referred  to  in  this  section  as  the  Hughes  algorithm  or  more  precisely  the  Hughes 
algorithms  as  in  reality  there  are  several  algorithms.  The  Hughes  algorithm  is  divided  into 
eleven  climate  codes  for  each  hemisphere,  each  of  which  relates  to  selected  latitude  zones  and/or 
seasons.  This  approach  permits  "fine  tuning"  the  coefficients  for  a  particular  climate,  h'  wever 
the  boundaries  between  the  latitude  zones  are  "hard"  and  the  climate  changes  occur  instanta¬ 
neously.  This  aq^roach  can  leid  to  unnaturally  large  gradients  in  parameters  at  these 
boundaries.  In  addtion  to  validating  the  algorithms  for  each  climate  code,  it  was  felt  that  it  was 
necessary  to  check  for  the  existence  of  these  boundary  gradients.  Figure  7. 1  shows  the  boundary 
discontinuities  between  climate  codes.  This  figure  shows  data  for  August  1 1 , 1987  for  revs  740, 
741 ,  and  742.  The  land  mass  in  rev  742  is  Africa  and  Saudi  Arabia.  Deep  red  denotes  flagged 
areas  which  are  either  land  or  areas  of  precipitation.  Revs  740  and  741  show  boundaries  at  25 
degrees  south  latitude  and  the  equator.  The  equatorial  boundary  shown  in  yellow  to  the  south 
and  red  to  the  north  is  particularly  noticeable.  The  boundary  at  25  degrees  south  is  noticeable 
as  a  line  between  lighter  and  dairicer  blue.  The  sharp  boundary  near  20  degrees  south  is  a 
boundary  between  air  masses.  Lesser  amounts  of  water  v^r  are  shown  in  darker  blue  and 
increasing  amounts  are  shown  in  lighter  blue,  yellow,  and  light  red. 

Table  7.2  shows  the  compari.sons  for  the  Hughes  algorithms  with  radiosonde  determi¬ 
nations  for  the  latitude  zones  and  also  globally.  All  entries  in  the  table  are  kg/nf  or  precipitable 
millimeters.  The  columns  labeled  mean  show  the  mean  value  for  all  the  retrievals  and 
radiosondes  for  that  particular  latitude  zone.  The  columns  labeled  standard  deviation  (STD 
DEV)  are  the  natural  variance  of  the  sample  set.  This  is  the  variance  exhibited  by  the  total 
precipitable  water  in  this  climate  zone.  The  column  labeled  rms  diff  is  the  rms  difference 
between  the  SSM/I  retrieval  and  the  corresponding  radiosonde  value.  The  column  labeled  bias 
is  the  difference  between  the  mean  SSM/I  retrieval  and  the  mean  radiosonde  retrieval.  A 
negative  bias  indicates  an  underestimate  by  the  SSM/I  and  a  positive  bias  indicates  an 
overestimate. 
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Figure  7.1  -  Revs  740-2  shov;ing  gradients  at  the  geographic  boundaries  of 
climate  codes  of  the  Hughes  algorithm.  The  area  shov/n  is  the  Indian  Oci 
Gradients  are  notable  at  the  equator  and  at  25  S  latitude.  Lesser  amount 
v.'ater  vapor  are  shov/n  in  blue  and  increasing  amounts  are  shov.'n  in  yellow 


LATITUDE 

ZONE 

SAMPLE 

SIZE 

MEAN 

STD  DEV 

RMS 

DIFF 

BIAS 

RET 

RAOB 

RET 

RAOB 

60-90  N 

209 

8.7 

il.O 

4.3 

4.2 

55-60  N 

37 

12.7 

13.3 

10.6 

8.0 

-0.6 

25-55  N 

59 

23.6 

27.1 

15.0 

14.0 

20-25  N 

35 

45.3 

38.9 

13.8 

12.2 

0-20  N 

134 

44.2 

39.8 

11.7 

9.0 

6.7 

0-20  ^ 

66 

53.8 

50.4 

10.2 

9.3 

6.3 

3.4 

20-25  S 

0 

25-55  S 

47 

23.5 

22.2 

11.1 

9.9 

3.8 

L3 

55-60  S 

0 

60-90  S 

0 

1  GLOBAL 

587 

27.0 

26.3 

20.1 

16.9 

5.1 

0.7 

The  algorithm  used  in  the  polar  regions  has  a  distinct  tendency  to  underestimate  the 
amount  of  water  vapor  that  is  present  and  the  algorithin  used  in  the  warm  tropics  shows  a 
tendency  to  overestimate  the  amount  of  water  vapor  that  is  present.  These  two  tendencies 
effectively  cancel  each  other  as  the  global  data  set  shows  a  negligible  bias.  All  of  the  rms 
differences  are  larger  than  the  desired  ±  2.0  kg/m^.  Figure  7.2  is  a  scatter  plot  of  the  global 
data  set. 

At  least  two  factors  are  sources  of  differences  between  tl  :  radiosonde  and  the  SSM/I 
derived  values  of  total  precipitable  water.  One  is  errors  in  the  radiosonde  determinations  of 
temperature,  pressure,  and  humidity.  A  coefficient  of  variance  of  0.042  for  US  radiosondes  was 
obtained  in  [3].  This  translates  into  an  error  of  l.I  kg/m^  for  this  sample  set.  The  other  factor 
is  small  scale  variability  in  water  vapor.  An  estimate  of  this  was  obtained  by  comparing  the  four 
values  derived  from  the  SSM/I  with  each  other.  The  rms  difference  between  the  four  samples 
for  each  raob  match-up  is  1.5  kg/m^.  When  these  two  factors  are  taken  into  account  the  rms 
difference  between  raobs  and  the  Hughes  algorithm  becomes  4.7  kg/m*.  The  data  presented  in 
Table  7.2  and  shown  in  i  igurc  7.2  are  from  the  trimmed  data  set.  'Die  trimming  procedure  is 
discussed  in  Section  13.2.2. 
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Hughes  vs  Paob 


Figure  7.2  -  Retrievals  from  the  Hughes  algorithm  vs  raobs.  Units  are  kg/m^  or  precipitable 
millimeters.  Values  are  from  the  trimmed  data  set  and  are  composited  from  the  climate  codes 
diat  comprise  the  Hughes  algorithm  for  total  precipitable  water. 


7.3. 2.2  Algorithm  Improvement 

Previous  experience  with  die  SMMR  instruments  on  SEAS  AT  and  Nimbus  7  shows  that 
it  is  possible  to  achieve  rms  differences  between  satellite  and  radioscmde  determinations  m  the 
range  2.0  to  2.5  kg/m^  [3j  and  [4],  In  additicm  the  SMMR  algorithms  are  global  and  do  not  int¬ 
roduce  latitudinal  or  seasonal  discontinuities  in  the  retrieved  water  viqxrr  maps. 

A  global  linear  algorithm  was  determined  to  reduce  the  retrieval  errors  presented  in  Table 
7.2.  A  statistical  regression  between  the  set  of  SSM/I  brightness  temperatures  and  bie 
corresponding  total  water  vapor  as  determined  from  the  racbs  was  used.  This  preliminary 
algorithm  was  presented  at  the  July  1988  Cal/Va  Team  meeting.  Ihis  algorithm  was  based  on 
matches  that  had  been  obtained  up  to  that  time.  The  data  set  was  biased  in  that  there  was  an 
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over  representation  of  arctic  soundings  which  biased  the  sample  toward  small  values  of  water 
vapor.  When  additional  soundings  from  the  tropics  were  obtained,  it  was  noted  that  the 
preliminary  algorithm  did  not  estimate  laige  values  of  water  vapor  very  well. 

In  working  with  srch  a  large  and  heterogeneous  data  set,  there  are  many  possibilities  for 
errors.  To  elinunate  the  erroneous  data  tliat  had  not  been  eUminated  earlier,  2%  of  the  largest 
positive  and  2%  of  the  largest  negative  differences  between  rabb  and  retrieval  were  eliminated 
(i.e.  trimmed)  and  the  statistics  were  re-computed.  This  trimming  procedure  is  described  in  [5], 

Using  standard  regression  techniques  and  the  larger,  more  complete  data  set,  an  attempt 
was  made  to  develop  a  global,  linear  algorithm.  Figure  7.3  shows  the  best  linear  relationship 


Figure  7.3  -  Retrievals  from  a  linear,  global  algorithm  developed  at  NESDIS  vs  raobs.  Units 
are  kg/m*  or  precipitable  millimeters.  The  linear  algoritlim  has  significant  non-linearities  in  the 
retrievals.  It  shows  a  tendency  to  overestimate  at  mediiim  values  and  underestimate  at  larger 
values. 
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The  square  of  the  22  GHz  brightness  temperature  was  introduced  as  a  predictor  and  the 
regressions  were  performed  as  before.  Figure  7.4  is  a  scatter  plot  of  the  best  four  channel 
non-linear  algorithm.  This  algorithm  uses  19V,  22V,  37V,  and  22V  squared.  Thus  the  equation 
becomes 


for  the  dependent  data  set.  In  Figure  7.3  there  appears  to  be  a  non-linear  relationship  between 
total  precipitable  water  as  deduced  from  radiosondes  and  that  deduced  from  the  SSMy7.  The 
linear  algorithm  overestiniates  water  vapor  in  the  mid-range  and  undere.stimates  large  values. 
This  rf)scrvation  plus  a  review  of  previous  vork  [6-8]  led  to  the  consideration  of  a  non-linear 
algorithm. 


TPW  —  bfl  +  biTp|9v  +  f2'^B2IV  "h  i^C^822v)^  b4TB37v  (2) 

'fhe  coefficients  are  given  in  Table  7.11. 

Table  7.3  gives  the  statistics  for  this  algorithm  for  both  the  global  data  set  and  latitude 
zones  of  the  Hughes  algorithm.  When  the  radiosonde  precision  and  small  scale  variability  of 
water  vapor  are  taken  into  account,  the  rms  difference  becomes  2.4  kg/mi^. 


TABLE  7.3 

IMPROVED  NON-LINEAR  ALGORITHM 


LATITUDE 

ZONE 

1"  "■  “1 

SAMPLE 

SIZE 

MEAN 

STD  DEV 

RMS 

DIFF 

I 

BIAS 

RET 

RAOB 

RET 

RAOB 

60-90  N 

209 

11.0 

11-0 

4.2 

2.0 

0.0 

55-60  N 

37 

14.1 

13.3 

8.0 

1.9 

0.8 

25-55  N 

59 

26.2 

27.1 

14.0 

3.3 

0.? 

20-25  N 

35 

41.3 

38.9 

12.2 

3.7 

2.4 

0-20  N 

134 

40.3 

39.8 

9.2 

9.0 

3.5 

0.5 

0-20  S 

66 

48.2 

50-3 

8.2 

9.3 

4.3 

-2.1 

20-25  S 

0 

25-55  wS 

47 

22.8 

22.2 

19.2 

9.9 

2.6 

0.6 

55-60  S 

0 

60-90  S 

0 

GLOBAL 

587 

26.3 

26.3 

16.7 

16.9 

3.0 

0.0 

The  non-linear  algorithm  still  shows  a  tendency  to  underestimate  at  the  highest  water 
vapor  values,  but  ovetestimates  sligtitly  for  the  next  two  Largest  classes.  There  should  be  no 
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Figure  7.4  -  Retrievals  fixjm  the  NESDIS  or  improved  algorithm  vs  '^aobs.  Units  are  kg/m^ 
or  precipitable  millimeters.  Values  are  from  the  trimmed  data  set  and  were  derived  with  a 
global,  non-linear  algorithm. 

bias  in  the  global  data  set  as  it  is  the  dependent  data  set.  Another  encouraging  fiu^t  is  that  the 
standard  deviations  of  the  laob  and  predicted  (retrieved)  sets  are ;  bout  the  same  globally  and  in 
the  latitude  zones.  Figure  7.4  also  gives  a  hint  of  the  tendency  to  underestimate  at  large  values 
and  also  a  hint  of  a  tendency  to  overestimate  at  the  lowest  values. 

Additionally,  we  investigated  a  segmented  non-linear  algorithm  using  the  square  of  the 
22V  brightness  temperature  with  a  wdghted  average  in  the  transition  zone.s.  The  best  of  these 
gives  very  slightly  better  results  than  the  global  algorithms,  but  has  not  been  implemented  due 
to  coding  complexity. 

The  results  presented  above  are  for  dependent  data  that  were  taken  between  July,  1987 
and  April,  1983.  We  continued  to  collect  laobs  until  August,  1988.  Thus  the  data  tijJcen  from 
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h-fay  through  July,  1988  constitute  an  independent  data  set.  Figure  7.5  is  a  plot  of  retrieved  vs. 
observed  for  the  indc^)endent  data  set. 

Retrieved  V5  Observed 


Figure  7.5  -  Retrievals  from  the  non-linear  r  gorithm  for  an  independent  data  set  collect'^  May- 
July,  1988.  Statistics  are  in  Table  7.4. 

The  fractional  error  {(nns  diff/mean)  x  100}  of  the  water  vapor  data  s  >wn  in  Table  7.4 
is  10.8%  which  is  very  comparable  to  the  dt  pendent  data  set’s  fractional  mor  of  11.4%.  All 
entries  in  Table  7.4  are  in  kg/m^. 

In  addition  to  the  n  n-linear  algorithm  used  to  j.  roduce  the  results  thus  far  presented,  two 
other  non-linear  algorithms  have  been  suggested  [8]  ind  [9].  'Fhe  non-linear  algorithm  f  [8} 
uses  variables  of  the  form  log  (To  -  T»),  where  T.  is  the  brightness  temperature  and  To  is 
a  threshold  temperature  greater  than  any  Tg.  Using  our  dQ)endent  data  set  of  587  c^servations, 
we  derived  coefficients  for  an  algorithm  using  four  logarithmic  variables.  The  mss  difference 
between  predicted  and  observed  is  2.97  kg/m*.  ITie  best  four  channels  are  19H,  22V,  37V,  and 
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85H.  The  22V  is  obviously  the  dominant  predictor  and  other  combinations  involving  22V  do 
almost  as  well. 


TABI  £  7.4 

INDEPENDENT  DATA  SET 


LAITITIDE 

ZONE 

SAMPLE 

SIZE 

MEAN 

STD  DEV 

RMS 

DIFF 

BIAS 

RET 

RAOB 

RET 

RAOB 

60-90  N 

33 

14.6 

14.2 

5.4 

6.3 

3.3 

0.4 

55-60  N 

0 

0 

0 

0 

0 

0 

0 

25-55  N 

19 

35.1 

36.7 

II.3 

12.1 

5.2 

-1.6 

20-25  N 

16 

46.5 

45.3 

12.4 

12.7 

4.1 

1.2 

0-20  N 

40 

45.6 

46.4 

7.1 

8.8 

5.1 

-0.8 

0-20  S 

51 

50.3 

51.9 

7.0 

8.3 

3.8 

-1.6 

2t»-25  S 

0 

0 

25-55  S 

12 

21.7 

22.0 

9.5 

11.1 

4.0 

0.4 

55-60  S 

0 

60-90  S 

0 

GI.OBAL 

171 

becceaas  — 

38.2 

38.9 

16.1 

17.1 

4.2 

-0.7 

7.3.3  CONCLUSIONS 

Ba.vxl  on  comparisons  of  the  SSMA  retrieved  total  water  vapor  and  total  water  vapor 
derived  from  radiosonde  data,  the  Hughes  algorithm  does  not  meet  the  SSM/I  specifications  of 
±  2.0  kg/m^  over  the  range  0-80  kg/m’.  A  global  rms  difference  cf  4,7  kg/m’  war  observed 
with  zonal  rms  differences  ranging  from  2,6  kg/m’  in  the  Arctic  to  7.2  Vg/m’  in  the  tropics. 
In  addition  due  to  the  intrinsic  limitations  of  the  zonal  or  sequential  algorithm  at  the  boundaries, 
obvious  erroneous  di.scontinuities  were  introduced  in  the  retrieved  water  vapor  maps. 

Initial  efforts  to  improve  the  algorithm  u^ntered  twi  derivi  ,  a  global  linear  ."dgorithm.  When 
this  formulation  also  proved  inadequate  to  specificauons,  a  non-lir'^ar  algorith.  i  was 
constructed  using  a  quadratic  term  for  the  22V'  channel.  Thir.  algorithm  resulted  in  a  large 
reduction  of  the  rms  retrieval  errors  on  a  global  and  zonal  basis  and  removes  the  discontinuiti«  ts 
at  the  boundaries  c»f  die  zonal  regions.  The  global  rms  diflerence  were  reduced  to  2.4  kg/m’. 
It  should  be  noted  tlwt  due  to  the  tiexibilily  of  the  SSM/I  softwa.  e,  the  non-linear  algorithm  used 
to  generate  results  in  Tao!e.s  7.3  and  7.4  may  be  readily  implemented. 

A  few  cautionary  ri-msiks  are  in  order.  Tlie  use  of  a  nonliuea.1  algorithm  will 
undoubtedly  increase  the  scnsidvily  of  water  vgper  .^trievals  to  cloud  water  amount,  the 
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presence  of  precipitation,  ajid  the  presence  of  sea  ice.  It  is  very  important  that  the  piccijiitation  ^ 

screen  given  with  the  algorithm  coefficients  be  used  with  tins  algorithm.  It  is  also  important  that  Z 
retrievals  not  be  attempted  when  ice  is  in  the  SSM/I  rield-of  view.  ;; 

n 

It  is  recommended  that  radiosonde  data  be  collected  periodically  to  provide  a  quality 
control  on  the  wafer  vapor  product.  This  could  be  accomplished  by  the  periodic  collection  of 
laobs  from  the  stations  used  in  the  validation  .study  and  comparing  ictrievals. 

As  part  of  our  validation  effort  for  total  precipitable  water,  we  investigated  both  linear 
and  non-linear  algorithms.  Our  results  indicate  that  a  non-linear  algorithm  is  required  for  best 
agreement  between  observed  and  derived  values. 

7.4  CLX)UD  LIQUID  WATER 

7  4. 1  Surface  Data  Sources 

The  sources  of  dr.ta  for  validation  of  the  cloud  liquid  water  content  were  upward  looking 
microwave  radiometers.  Measurements  were  made  by  NOAA-WPL  personnel  and  University 
of  Massachusetts  (UMass)  personnel.  The  NOAA  measurements  were  made  at  Sa?'  Nicolas 
Island  as  part  of  Inject  FIRE  and  at  the  four  sites  of  the  Colorado  remote  profiler  network. 

The  four  sites  are  Denver  (Stapleton  \irpoit),  Fleming,  Flagler,  and  Platteville.  The 
radiometers  in  tlic  Colorado  network  are  fixed  zenith  viewing  ladiometers  that  operate  at  20.6 
and  31.65  GHz.  The  Staplehan  airport  installation  also  has  four  frequencies  in  the  oxygen 
complex  for  temperature  profile  retrievals.  All  of  the  stations  liave  Doppler  radars  for  wind 
speed  and  direction  measurcmcriU.  Tlicsc  stations  are  described  in  [lOj.  The  San  Nicolas 
measurements  were  made  by  a  portable  radiometer  that  has  a  steerable  beam  and  is  described 
in  [11].  Data  from  the  Colorado  network  stations  which  operate  in  an  automated  continuous 
mode  were  obtained  for  the  peiiods  July  15-October  15,  1987  and  January  15-ApriI  15,  1988 
to  provide  for  a  range  of  seasons  and  surface  conditions.  The  San  Nicolas  Island  data  were 
taken  between  July  2  and  July  19,  1987.  The  accuracy  of  the  NOAA  profiler  network 
determinations  of  cloud  liquid  water  are  estimated  [12]  to  be  5.2  E-3  kg/m’. 

The  UMass  measurements  were  made  using  an  autocorrelation  radiometer  operating 
between  20.5  and  23,5  GHz  and  an  auxiliary  radiometer  at  37  GHz.  These  measurements  were 
made  at  Kwajalein  Island.  The  operation  of  the  autocorrelation  radiometer  is  described  in  [13]. 

The  Kwajalein  data  were  taken  between  March  24  and  April  7,  1988. 

To  compensate  for  the  different  fields-of-view  of  the  surface  based  radiometers  and  the 
•SSM/J  ♦he  NOAA  data  were  averaged  over  a  two  hour  period,  one  hour  on  either  side  of  the 
ovemass  time.  The  UMass  data  were  averaged  over  a  oue  hour  time  period,  one  half  hour  on 
either  side  of  the  overpass  time. 
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iJharacttiijtics  of  NOAA  profiler  ladiow^rs  are  given  ir  Table  7,5,  All  latitud>.rs 
arc  North  aid  k.tl  are  Wesi.  Th.;  cffrrfivc  fields-of  view  (EFOV)  tia:  the  3  dlt 

beamw'dihs  and  the  ypot  are  in  dieters  for  a  distance  of  1  km. 


TAB!-.E  1.5 


CHARACTERISI  ICS  OF  NO.AA  PROFILING  NETWORK 


NOAA  PROFU^ER 

SITE 

NETWORK 

EFOV 

SAMPLING  1 
TIME 

LAT 

- 1 

LONG 

DE  jREE 

SPOT 

1  DENVER 

39.8 

WM 

2.5 

44  M 

2  MIN  1 

!  FLFAONG 

■9 

4 

70  M 

2  MIN  1 

FLAGLER 

39  1 

4 

70  M 

2  MIN  1 

Pi.ATTEVILLE 

40.2 

4 

70  M 

2  MIN  1 

SAN  NICOLAS 

33 

■N 

2.5 

44  M 

1  MIN  1 

Characteristics  of  the  IJMass  autocorrelation  radiometer  (CORRAD)  are  given  in  Table 
7.6  The  precision  estimate  for  the  CORRAD  is  given  in  [14], 


iMia -  _L.  j - - ■“  ^  ,  Jt 

TABLE  7.6 

1  HAR.ACrERISTICS  OF  CORRAD 

RF  BANDPASS 

?0.5-::3.5  GHz 

TIME  DELAYS 

1.2  TO  6. 1  NS  (0.  i  NS  STEFS) 

FREQUENCY  RESOLUTION 

TO  Mliz/100  MHz  (3  dB)  I 

RECEIVER  NOISE  TEMPERATURE 

20G0K  1 

NOISE  FIX)OR  (AT) 

0  K/(SEC)'"  1 

EFOV 

2  DHGREFiJ 

FOOTPRINT  @  1  KM 

35  M 

SAMPUNG  TIMP. 

10  MIN 

KWAJALEIN  ISLAND 

(8.7  N,  167.7  E) 

PRECISION 

8.0E-3  kg/m^  j 

7.4,2  Comparisons 
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The  initial  Hughes  algorithm  [1]  used  to  retrieve  cloud  liquid  water  was  a  linear,  four- 
channel  algorithm  that  was  generated  by  regression  using  brightness  temperatures  calculated 
from  simulated  clouds  and  a  radiative  transfer  model.  The  algorithm  was  divided  into  Latitudinal 
and  seasonal  segments  called  climate  codes.  There  were  eleven  climate  codes  per  hemisphere. 
Over  the  ocean  there  were  nine  distinct  sets  of  coefficients  that  used  the  19H,  22V,  37V,  and 
37H  channels.  Over  land  there  was  one  set  of  coefficients  per  climate  code  which  used  the  19V, 
19H,  37V,  and  8.5V  channels.  Another  set  of  coefficients  was  used  to  retrieve  cloud  water  over 
snow.  This  set  of  coefficients  was  u.sed  for  all  climate  codes  and  utilized  the  22V,  37H,  85V, 
and  85H  channels. 

The  latitude  zones  were  the  same  as  those  used  in  the  water  vapor  algorithm.  The  opposite 
hemisphere  is  seasonally  adjusted  so  that  seasonal  algorithms  are  used  in  the  appropriate  season 
and  latitude  zone. 


Two  special  categories  of  retrievals  were  created;  out-of-limits  and  indeterminate.  All 
geophysical  retrievals  were  tested  to  determine  whether  they  were  writhin  a  physically  possible 
range  of  values.  If  they  were  outside  the  physically  possible  range,  they  were  assigned  an  out- 
of-limits  value,  usually  1  less  than  the  maximum  number  of  counts  allocated  for  that  parameter. 
The  indeterminate  classification  implies  that  certain  logical  conditions  not  being  met  or  that 
the  pixel  under  consideration  may  b  part  ocean  and  part  land  (i.e.,  coastil).  The  indeterminate 
category  was  assigned  the  maximum  count  value. 


We  found  that  more  than  90%  of  all  retrieved  values  of  cloud  liquid  water  were  either 
out'Of-limits  or  indeterminate  values.  This  percentage  was  found  at  all  test  sites  and  before  and 
after  the  SSM/I’s  shutdowr.  during  December  and  January  1987-8.  Because  of  this  finding,  we 
decided  to  improve  the  algorithm. 


7.4.2.2 


Ihe  approach  taken  to  improve  the  cloud  liquid  water  algorithm  was  similar  to  that 
employed  for  the  water  v^^r  algorithm  development.  Su;  "ace  values  and  brightness 
temperatures  were  matched  and  standard  lin^  regr  ession  techniques  were  used  to  ftnd  the  best 
set  of  channels  and  cc'efficients.  Our  retrieval  equation  is  linear  in  brightness  temperature  and 
of  the  form 


CLW  =  ao  +  E  a.’T'si.  i  =  1,2„..7 


(3) 


where  the  are  coefficients  and  die  T^j's  are  brightness  temperatures.  Table  7.7  gives  the 
explicif  relationships  between  channel  frequency  and  polarization  and  coefficient  number. 
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TABLE  7.7 

ALGORITHM  CHANNEL  AND  COEFFICIENT  DESIGN/mON 


CHANNEL  NO 

COEFnCIENT 

SYMBOL 

CHANNEL  1 

*0 

1 

Tfii 

19V 

2 

Tbq 

19H 

3 

aj 

Tgj 

22V 

4 

a* 

T;h 

yiv 

5 

a* 

Tas 

37H 

a« 

85V 

1  ^ 

a; 

85H 

The  land  and  ocean  cases  were  separat&l  and  the  land  cases  were  further  divided  into 
snow  and  no  snow  groups.  Initial  correLations  on  the  entire  data  set«  which  consisted  of  cl^ 
and  cloudy  cases  yielded  very  low  correlation  coefficients.  Next  cases,  where  the  CLW  content 
was  <  5.0E-3  were  excluded  from  the  data  set.  The  channels  which  gave  die  best 

correlation  are  19V,  19H,  37V,  and  85H.  The  85V  channel  was  excluded  from  the  regressions 
because  of  its  increased  noise.  The  snow  data  set  wa>  analysed  separately. 


Using  the  discriminants  19H  -  8SH  >  8K  and  maps  of  weekly  snow  cover  to  establish 


anaryzea  lor  cloud  AtMuiu  Wattci  ixiiiiuiit. 


«  «« 

All 


the  presence  of  snow,  a  set  of  observations  wss  analyzed  for 
cases  where  the  CLW  content  was  <  5.0E-3  kg/m*  were  excluded.  The  best  results  of  our 
attempts  to  find  an  improved  cloud  liquid  water  algor. dim  over  land  are  shown  in  Table  7.8.  It 
is  readily  apparent  from  the  low  values  of  the  corrdadon  c(»sfficients  in  Table  7.8  that  the 
development  of  a  CLW  algorithm  for  land  and  snow  surfaces  will  be  very  difficult  at  best.  It 
is  worth  noting  the  correlation  coefficients  improve  if  the  presence  of  clouds  can  be  inferred 
from  other  sources. 


The  cloud  liquid  water  determinations  ovw  the  ocean  yielded  better  results.  Initially  it 
was  intended  to  'inalyze  the  San  Nicholas  Island  and  Kwajalein  Island  data  sqiarately  and  then 
as  a  combined  data  set.  When  the  sizes  of  the  two  data  sets  were  considered  (10  samples  per 
island),  the  decision  was  made  to  analyze  them  as  a  combined  data  set.  In  addition  to  the 
standard  linear  regression  procedures,  we  performed  additional  indqiendent  statistical  analysis 
as  well.  In  analyzing  the  data  all  possible  four  channel  combination  were  considered  as  well  as 
a  full  six  cnannel  algorithm.  The  six  channd  algorithm  gives  a  slightly  higher  explained 
variance  or  com;Iation  coefficient  than  any  four  channel  algorithm,  however  the  standard  error 
of  the  estimate  is  greates'  because  of  the  reduced  number  of  degrees  of  freedom.  Table  7.9  gives 
die  correlation  coefficit  it  (R)  and  standard  error  of  the  estimate  (S.E.E.)  for  some  channel 
combinations.  Figure  7.6  is  a  plot  of  satellite  versus  surface  values  for  the  combined  oceanic 
data  set  using  the  best  four  channel  algorithm.  After  completing  our  analysis  of  the  best  four 
channel  algorithm,  the  85H  channel  became  quite  noisy.  The  other  four  channel  algorithm 
shown  in  Table  7.9  is  the  best  algorithm  excluding  85H. 
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TABLE  7.8 


CLOUD  UQUID  WA  TiR  4ESULTS 


NO.  OBS. 

CORR.  COEFF. 

MEAN(KG/M^ 

RMSDIFF 

(KG/MF) 

LAND 

232 

0.214 

0.005 

0.021 

CLW  >  O.005 

1 

! 

0.445 

0.037 

0.045  j 

SNOW 

1 

0.185 

0.007 

0.031  1 

CLW  >  0.005 

1 

1  41 

0.369 

0.0:2 

0.063  1 

nr  APT  CTO 


CLW  ALGORITHM  RESULTS 


CHANNEL 

NO.  SAMPLES 

MEAN 

S.E.E. 

_ R _ 

1.  2,  3,  4,  5,  7 

20 

MM 

0.042 

2,  3,  4,  7 

20 

0.039 

2,  3,  4,  5 

20 

0.040 

0.886  1 

1  ^ 

20 

■SB 

0.039 

0.871  i 

As  part  of  our  statistical  analysis,  it  was  noted  that  the  37V  channel  alone  is  a  good 
predictor  of  cloud  liquid  water.  The  st  tistics  for  the  37V  channel  are  also  included  in  Table 


7.9, 


Because  of  the  limited  sire  of  the  ocean  data  set.  further  statistical  analysis  was 
performed.  We  used  the  cTOSs-va^^dation  and  jackknifing  techniques  to  examine  our  results. 
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Retrieved  vs.  Obrerved 


Figure  7.6  -  A  plot  of  retrieved  vs  observed  cloud  liquid  water  for  the  combined  San  Nicolas 
and  Kwajalein  data  sets.  The  units  are  kg/m^.  The  San  Nicolas  points  are  shown  as  pluses  and 
the  Kwajalein  points  are  shown  as  diamonds.  The  solid  line  is  the  "perfect  agreement"  line. 
The  retrieved  values  are  iiom  the  dq[)endent  data  set. 


These  procedures  are  discussed  in  [15].  For  cross-validation  we  generated  a  quasi-independent 
data  set  by  using  19  of  the  20  points  as  dependent  data  and  predicting  the  20th.  This 
was  repeated  until  all  20  points  had  been  predicted  independently.  We  used  the  same  four 
channels  that  gave  the  lowest  rms  difference  for  the  completely  dependent  data  set. 

Using  a  procedure  known  as  jackknifing  [IS],  we  generated  another  independent  estimate 
of  the  retrieved  mean,  standard  deviation,  and  rms  difference  between  the  retriev'als  and  tlie 
ground  based  cloud  liquid  water  measurements.  Tlie  relationship  [15]  (PARMSTAR)  =  20*(- 
PARMALL)  -  19*(PARM)i,  where  PARMALL  is  the  parameter  from  the  completely  dependent 
data  set  and  FARM  is  the  parameter  when  it  is  calculated  from  p  data  set  of  19  points,  was  used. 
The  jackknifed  values  presented  in  Table  'MO  are  average.,  of  20  such  computations  of 
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PARMSTAR  for  each  parameter.  Table  7. 10  presents  a  summary  of  the  observed  and  three 
retrieved  data  sets. 


TABLE  7.10 


STATISTICAL  COMPARISONS 


OBS 

REGR 

CROSS-VAL 

JACKKNIFE  1 

NO  OF  CASES 

20 

20 

20 

20  1 

MINIMUM 

0.00 

-0.02 

-0.04 

1 

MAXIMUM 

0.28 

0.22 

0.23 

- 

MEAN 

0.136 

0.136 

0.140 

0.136 

STD  DEV 

0.077 

0.067 

0.068 

0.077 

RMS  DIFF 

— 

0.035 

0.048 

0.040 

Tlie  three  letiieved  data  sets  are  quite  consistent.  All  have  a  negligible  bias  about  the 
mean  when  compared  with  the  obsm .  i  data  set.  The  standard  deviations  of  the  retrieved  values 
are  slightly  smaller  than  the  standard  deviation  of  the  observed  value,  a  fact  not  uncommon  to 
regression  algorithms.  The  rms  differences  are  it itarkably  simil.u  for  the  three  computations. 
Even  though  the  sample  Size  is  small,  there  are  '"our  predictors  one  ..  ^  degrees  of  freedem.  The 
improved  algorithm  seems  to  be  statistically  .significant  and  'robust". 

7.4.3  Conclusions 

In  view  of  the  very  low  correlations  between  brightness  temperatures  and  cloud  liquid 
water  content  over  land  and  snow,  it  is  recommended  that  retrievals  of  this  parameter  not  be 
attempted.  If  an  independent  way  of  determining  the  presene  of  clouds  caii  be  found,  u  might 
be  possible  to  devise  an  algorithm  that  will  give  a  usefu.  estimate  of  the  cloud  li'iind  water 
C4)ntent. 

It  should  be  noted  that  C  dorado  is  not  an  ideal  site  for  testing  cloud  liquid  water  content 
algorithms  because  of  its  altitude  and  generally  dry  conditions.  The  NOAA  profiler  network  is 
almost  thi  only  source  of  routine  measurements  of  clo>-d  liquid  water.  It  is  Si'^ely  that  the  SSM/I 
can  detect  heavier  water  clouds  over  land  before  the  onset  of  actual  precipiUition. 

It  is  recommended  that  a  quality  control  procedure  be  instituted  for  the  cloud  liquid  water 
product  as  well.  Collecting  significant  amviunts  of  cloud  liquid  water  measuien  mis  from  sutface 
based  systems  is  a  major  undmaldng.  The  recommended  procedure  is  to  use  either  OLS  data 
which  can  be  co-located  with  the  SSM/I  or  GOES  visible  and  inftared  data  and  compare  q  alita- 
tively  where  the  ^SM/I  algorithm  places  clouds  and  their  water  content  versus  the  visible  and 
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IR  images  which  should  show  cloud  location  over  the  ocean  rather  well.  It  should  be  obvious 
if  the  SSM/I  "misses’'  clouds  or  places  them  in  clear  areas. 


The  initial  recommendation  wes  to  use  the  six  channel  algorithm  because  it  explained  the 
most  variance.  Further  examination  revealed  that  a  four  channel  algorithm  probably  gave  better 
results,  especially  when  considering  the  standard  error  of  the  estimate.  Our  additional  analysis 
also  revealed  that  the  37V  channel  alone  is  a  very  good  predictor  of  cloud  liquid  water.  After 
most  of  the  analysis  for  the  Cal/Val  effon  was  completed,  the  noise  of  the  85H  channel 
increased  significantly.  As  a  result,  we  developed  a  CLW  algorithm  that  does  not  use  either  85 
GIIz  channel. 


Table  7.11  gives  tliC  actual  coefficients  for  the  channels  used  in  the  recommended 
algorithms.  We  show  the  latest  total  precipitabic  water  algorithm  which  is  non-linear  and  global. 
We  show  algorithm  >  for  cloud  liquid  water.  Included  are  coefficients  for  a  six  channel 
algorithm,  coefficients  for  two  four  charmel  algorithm.^  with  and  without  85H  and  a  single 
channel  algorithm  using  only  37V.  The  retrieved  param  ^ters  will  have  the  units  of  kg/m^ 


The  results  nresented  here  have  also  been  presented  in  Alishouse  et  al  [16]  and  Alishouse 
et  al  [17], 


TABLE  7. 1 1  ~  I 

B 

RECOMMENDED  ALGORITHM  COEFFICIENTS  I 


CHANNEL 

WATER 

vapor 

CLW 

OCEAN 

6  CHANNELS 

CLW 

OCEAN 

W  85H 

CLW 

OCEAN 

W/O  85H 

CLW 

OCEAN 

37V 

19V 

-0.148596 

1.5817E-3 

_ _ 

J9H 

— 

5.aw75E-3 

6.0257E-3 

8.4333E-3 

— 

22V 

-1.8291-25 

-5.6345E-3 

4.8803E-3 

-7.5959E-3 

— 

22V  (SQRD) 
37V 

6.193E-3 

-0.36954 

2.0097E-2 

I.959.5E-2 

2.0131E-2 

1.18122E-2 

37H 

— 

-7.200 

— 

-5.3066E-3 

8SV 

— 

— 

— 

— 

— - - 

S5H 

— 

-2.7658E-3 

-3.0107E-3 

— 

- - 

INTERCEPT 

232,89393 

-3.31378 

-3.14559 

-2.838179 

-2.45276 

Precipitation  Screen: 

If  -U. 7939  -  O.C2727*Tb37v  +  0.09920n’B37H  .<  0  K 
then  compute  water  vapor  and  cloud  liquid  water  over  ocean. 
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8.0  WIND  SPEED  VALIDATION 


Q 


C 
n 

The  SSM/I  wind  speed  retrieval  algorithm  developed  by  Environmental  Research  and  ^ 

Technology,  Inc.  (ERT)  for  Hughes  Aircraft  is  called  the  D-matrix  algorithm  and  has  the  2 

following  form  [1]:  ^ 

SW  =  Qij  +  Cij.Tai9H+C2y.TB22v  +  C3j.TBj7v  +  C^-.TB37H-  (^-1) 

Equation  (8.1)  is  valid  only  over  open  ocean  where  the  wind  speed,  SW,  is  in  m/s  and 
referenced  to  a  hdght  of  19.5  m  above  the  surfoce.  Equation  (8. 1)  also  ctmtains  the  terms  Tg, 
which  rq)resent  the  brightness  temperature  of  fircquency/polarization  combination  "x"  and  the 
D-inatrix  coefficients,  C^,  where  "j"  is  the  climate  code  index  and  varies  from  1  to  11.  The 
eleven  sets  of  coefficients  (only  9  of  which  ate  distinct)  used  in  the  original  D-matrix  algorithm 
are  listed  in  Table  8.1.  Each  of  the  9  distinct  cLmate  codes  represents  a  particular  season  and 
latitude  band  as  shown  in  Table  8.2. 

Since  microwave  radiation  at  the  SSM/I  irequencies  is  heavily  attenuated  by  rain  in  the 
earth’s  atmo^here  which  masks  the  wind  speed  signature  generated  by  waves  and  foam  on  the 
ocean  surface,  ERT  suggested  the  use  of  a  rain-flag  for  the  purpose  of  identifying  conditions 


TABLE  8  1 


COEFFICIENTS  OF  THE  ORIGINAL  HUGHES  D-MATRIX  ALGORITHM 


1  Climate 

1  Code 

c„ 

c. 

c. 

C4 

1 

191.560 

.4903 

-.4432 

-.9199 

77 

2 

168.390 

.5366 

-.4548 

-.7656 

.zo35 

3 

177.315 

.3913 

-.2818 

-1.0083 

.4095 

4 

147.760 

.5077 

-.354? 

-.7409 

.2333 

5 

127.130 

.4788 

-.2546 

-.7162 

.2030 

6 

163.070 

.2923 

-.1204 

1.0967 

.4612 

7 

95.994 

.6106 

-.3034 

-.4638 

.0192 

8 

130.420 

.3676 

-.1508 

-.8400 

.3056 

9 

117.5)0 

.4225 

-.1899 

-.7096 

.2081 

130.420 

.3676 

-.1580 

-.8400 

.3056 

Lil 

117.590 

.4225 

.1899 

-.7096 

.2081 

TABLE  8.2 

CLIMAT  E  CODES  OF  THE  HUGHES  D-MATRIX  ALGORITHM 


Tropics 
(0-20  LAT.)-i:L. 

LoW'Lat.  Transition 
(20  25  LAT.) 

Mid-Latitude 
(25-55  LAT.) 


Afcac 

(55-90  LAT.) 


SFAkSON 

CLIMATE 

ZtJNE 

(NO  J  HERN  HEMISPHERE) 

CODE 

RIN-NOV 

DEC-MAY 
JUN  NOV 


DEC-MAY 
SEP-NOV,  MAR  MAY 
RJN-AUG 
DEC-FEB 
MAY-OCr^ 

NOV-APR 


2 

3 

4 

5 

6 

7 

8 


undet  which  less  accurate  w.nd  speed  retrievals  are  produced.  The  original  rain-flag  logic  is 
shown  below. 


IF:  Tb„h  >  I90K 

OR'.  [Tb37v  -  Tb37h1  25K 

Then  possible  rain  exists  and  rain-flag  1 

IF:  ri^Tv  -  Tb37h]  <  lOK 

Then  heavy  rain  exists  and  rain  flag  =  2 

Otherwise  rain-flag  =  0 

The  accuracy  specification  for  wind  speed  retrievals  under  conditions  of  no  rainfall  (i.e., 
rain-flag  =  0)  was  +  2  m/s  over  the  range  3  to  25  m/s.  Accuracy  was  not  -specified  for  wind 
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retrievals  froni  cxdls  fagged  either  I  or  2.  In  feet,  the  original  D-inatrui  algorithm  did  not 
attempt  to  lebieve  winds  under  rain  flag  2  condiioras. 

8. 1  NOAA  BUOY  SYSTEM  AND  CRITERIA  FOR  COMPARISON 

Validation  of  the  SSM/I  wind  speed  retrievals  w'as  done  using  the  anemometer  measured 
winds  of  open  ocean  buoys  maintained  by  the  National  Oceanic  and  Atmospheric  Administration 
(NOAA).  These  buoys  record  an  8.5  minute  average  of  the  wind  once  every  hour  with  an 
accuracy  of  ±  0.5  m/s  for  winds  le.ss  than  10  m/s  and  5%  for  winds  greater  than  10  m/s  [2]. 

In  anticipation  of  SSM/I  antoina  sidelobes,  which  could  give  rise  to  land  contamination 
of  ocean  brightness  temperatures,  only  buoys  further  than  100  km  from  land  woe  chosen  for 
the  validation.  The  19  NOAA  buoys  actually  used  for  the  validation  are  listed  in  Table  8.3. 

The  wind  q>eed  observations  taken  by  the  ocean  buoys  were  at  heights  of  either  5  or  10 
meters  above  the  surface.  These  measurements  were  converted  to  equivalent  winds  at  19.5 
meters  above  the  surface  p]  so  that  they  could  be  compaied  directly  to  the  SSM/I  estimates 
which  predict  winds  at  the  19.5  meter  level.  Converted  buoy  winds  and  D-matrix  winds  were 
paired  only  when  the  SShl/1  retrieval  was  located  within  25  km  of  the  buoy  position  and  the 
SSM/I  overpass  time  was  within  30  minutes  of  tiie  buoy  wind  speed  measurement.  Based  on 
the  work  of  Monaldo  [4],  a  spatial  difference  of  25  km  and  a  temporal  difference  of  30  minutes 
between  $SM/I  and  buoy  measured  wind  speeds  adds  variances  of  approximately  0.5  m/s  and 
G.2  m/ s,  icspcCuVcly,  to  uic  total  variariCc  of  Uie  comparisun.  These  variances  increase  the  total 
standard  deviation  of  2  m/s  by  less  than  10%  and  tiierefore  contribute  only  slightly  to  the  overall 
mor.  Because  a  25  km  spatial  sejKiration  introduces  little  additional  error  to  the  comparison 
of  SSM/I  and  buoy  winds,  Ae  SSM/I  geolocation  problem  (see  tiie  instrument  calibration  section 
of  this  report)  which  results  in  positioning  errors  of  between  5  arxl  25  Idlometers,  does  not 
significantly  affect  the  wind  ^leod  validation.  Tills  comparison  criteria  also  stipulates  that  only 
one  SSM/Tbuoy  pair  be  selected  from  each  SSM/I  overpass.  Thus  the  validation  data  set  wbs 
composed  of  independent  comparisons. 

8.2  REQUIRED  NUMBER  OF  COMPARISONS 

The  accuracy  specification  of  ±  2  m/s  for  D-matrix  wind  speed  retrievals  can  be 
interpreted  in  at  least  two  ways.  One  interpretation  is  that  this  is  the  standard  deviation,  in  an 
average  sense,  of  the  difference  between  all  coincident  buoy  and  SSM/I  wind  i^ieed 
measurements.  An  alternative  intopretation  is  that  the  standard  deviation  of  such  comparisons 
in  any  sub-interval  of  the  3-25  m/s  wind  ^leed  range  must  not  exceed  2  m/s.  The  first  of  these 
two  interpretations  can  disguise  the  fact  that  over  certain  sub-inteivals  of  the  3-25  m/s  wind 
speed  range,  the  accuracy  of  the  D-matrix  prediction  may  be  worse  than  ±  2  m/s.  In  fact,  a 
modeled  error  budget  (discui^d  in  section  8.3)  predicts  that  the  accuracy  is  wind  q>eed 
dependent.  It  is  possible  that  sub-intervals  with  accuracies  worse  than  ±  2  m/s  could  average 
with  sub-intervals  having  accuracies  better  than  ±  2  m/s  to  give  a  resulting  overall  accuracy  of 
better  than  ±  2  m/s.  This  is  ollen  true  for  regression-type  algorithms,  like  the  D-matiix,  which 
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NOAA 

TABLE  8.3  I 

BUOYS  USED  FOR  THE  SSM/I  WIND  SPEED  VAUDATION  | 

NUbfflER  OF 

Bl  OY  I.D. 

LATrrUDE 

LONGITUDE 

(E) 

ZONE 

SSM/I 

PASSES 

IN  X  DAYS 

51002 

17.2 

202.2 

Tropics 

31  1 

51004 

17.5 

im.A 

Tropics 

31  1 

51003 

19.2 

199.2 

Tropics 

32 

51001 

23.4 

197.7 

Low  Lat  Trans 

33 

42001 

25.9 

270.3 

Midlat 

33 

42002 

26.0 

266.5 

Mid  Lat 

33 

42003 

26.0 

274.1 

Mid  Lat 

.33  1 

41006 

29,3 

282.6 

Mid  Lat 

34 

41002 

32.2 

284.7 

Mid  Lat 

35 

44004 

38.5 

289.4 

Mid  Lat 

38 

46006 

40.8 

222.4 

Nfid  Lat 

39 

44011 

41,1 

293.4 

Mid  Lat 

40 

46002 

42.5 

229.6 

Mid  Lat 

41 

A  AiV\^ 

A'*  n 

'T 

ti  J  n  -  * 

4i  1 

JLZfl.l 

IVAjil  iLnill 

46005 

46.1 

229.0 

Mid  Lat 

43 

46004 

50.9 

224.1 

Mid  Lat 

47 

46003 

51.9 

204.1 

Mid  Lat 

48 

46001 

56.3 

211.7 

Arctic 

55 

46035 

57.0 

182.3 

Arctic 

56 

tend  to  make  especially  good  predictions  near  the  ovciall  average  wind  speed  and  predictions 
of  less  accuracy  for  wind  speeds  which  are  leinovod  from  the  average  wind  speed.  For  this 
reason,  the  3-25  m/s  wind  speed  range  of  interest  wa  divided  into  the  6  sub-intervals  shown  in 
Table  8.4  and  the  D-matrix  performance  was  analyzed  in  each  sub-interval.  Also  shown  in 
Table  8.4  is  the  number  of  comparisons  out  of  1,0G0  tor  which  the  buoy  wind  speed  falls  within 
U:e  particular  sub-interval  range.  These  comparison  counts  are  based  on  the  global  distribution 
of  winds  given  by  Schroeder  [5]  which  is  shown  in  Figure  8.1. 

It  is  preferable  to  have  a  sample  size  of  30  or  more  when  doing  statistical  analysis  [6] 
of  the  data.  For  wind  speed  sub-intervals  1,  2,  and  3,  it  apf^ars  that  this  sample  size  can  be 
obtained  by  coliecting  approximately  140  compariswis.  Preliminary  studies  showed  that  about 
15  %  of  the  da^a  are  rain-flagged  and  since  the  comparisons  are  made  only  with  data  which  is 
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GLOBAL  WINDS  DISTRIBUTION 


Figure  8.1- 1116  global  distiibution  of  ocean  surface  winds. 
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not  rain-flagged,  the  sample  size  required 
for  each  climate  code  needed  to  be 
increased  15%  from  140  to  161.  Although 
this  relatively  .small  number  of  comparisons 
could  be  obtained  in  60  days  using  three 
buoys,  other  factors  af  ct  the  total 
required  buoy  count.  Tlicse  include  lost 
data  due  to  periodic  buoy  maintenance  and 
the  likelihood  of  encountering  wind  ^leeds 
distributed  according  to  Figure  8. 1.  These 
factors  were  determined  from  actual 
climatic  summaries  [7]  prepared  by  the 
National  Qimatic  Data  Center  for  the 
individual  data  buoys. 


Finally,  to  complete  the  validation 
within  one  year  we  must  have  enough 
buoys  within  each  of  the  D-m~irix  latitude 

bands  and  enough  5SM/I  overpasses  per  buoy  to  collect  the  required  161  comparisons  per 
season.  The  number  of  SSM/I  overpasses  dqpends  on  the  latitude  (LAT)  of  the  buoy  and  can 
be  sqiproxinuted  by  using  equation  (8.2). 


1  TABLE  8.4 

1  D-MATRIX./BUOY  WIND  SPEED 

1  COMPARISONS 

1 

Range  (m/s) 

Comparisons 
per  1000 

1  ^ 

3-6 

260 

i  ^ 

6-10 

395 

1  ^ 

10-14 

215 

1  ^ 

14-18 

50  0 

1  ^ 

18-22 

25  j 

I  6 

22-25 

SSM/I  Overpasses  in  30  Days  ~  ^Tw'cosfLAi  j  (8.2) 

Equation  (8.2)  is  reasonably  accurate  up  through  60  d^rees  latitude,  above  which  the  error 
exceeds  15%. 

This  analysis  established  that  the  19  buoys  selected  could  more  than  satisfy  all  but  the 
highest  wind  speed  validation  requirements.  That  is,  the  low  probability  of  observing  winds 
greater  than  15  m/s  made  it  difficult  to  evaluate  the  overall  performance  of  the  D-mairix 
algorithm  in  the  range  15-25  m/s.  This  problem  is  discussed  more  fiiHy  in  section  8.6. 


8.3  FRE-I.AUNCH  VALIDATION  MODELING  ~  ERROR  BUDGET 

The  sources  of  random  errors  associated  with  the  comparison  of  SSM/I  wind  retriervals 
and  ocean  buoy  measurements  are  summarized  in  the  following  error  budget. 

*  Extrapolation  noise.  (Buoy  average  at  a  point  differs  from  the  instantaneous 
spatial  average  made  by  the  SSM/I). 

*  SSM/I  instrument  noise. 


Buoy  ins  lent  noise. 


D-matrix  algorithm  model  noise.  (Inability  of  algorithm  to  model  exactly  the 
radiative  transfer  processes). 

Decorrelation  noise.  (Spatial  and  temporal  separation  of  the  SSM/I  and  buoy 
measurements). 

Translation  noise.  (Errors  in  translating  the  buoy  wind  measurement  to  a  height 
of  19.5  m). 

Round-off  noise.  (Error  due  to  rounding  SSM/I  winds  to  the  nearest  m/s) 


The  magnitude  of  these  errors  Ocss  decorrdadon  noise  and  translation  noise)  is  shown 
in  Figure  8.2  over  the  wind  speed  range  of  3  to  25  m/s  for  the  Climate  Code  5  algorithm.  Plots 
for  the  other  8  versions  of  the  D-matrix  algorithm  are  very  similar  to  the  results  of  Climate 
Code  5  and  are  therefore  not  shown.  In  generating  the  extrapolation  noise  curve  of  Figure  8.2, 
the  one-dimensional  wind  field  modd  of  Pierson  [8]  was  used  as  were  effective  footprint 
diametos  of  55,  49,  and  32  km  for  the  19,  22,  and  37  GHz  SSM/I  channds,  respectively.  The 
buoy  noise,  which  was  discusred  previously,  is  from  Gilhousen  [2].  The  modd  noise  was 
specified  by  Hughes  Aircraft  in  a  rqxirt  by  Lo  [9]. 


The  instrument  noise  as  specified  by  Hughes  [I]  for  the  19H,  22V,  37V,  and  37H  is 
0.41,  0.75,  0.38,  and  0.39  degrees  Xdvin, respectively.  The  round-off  noise  Ls  due  to  the  fact 
that  the  operational  D-matrix  algorithm  retrievals  are  rounded  off  to  the  nearest  whole  m/s 
before  being  recorded.  .Although  the  round  off  noise  docs  not  contribute  significanuy  to  die  toial 
error  of  D-matrix  retrievals,  subsequent  users  of  the  data  will  introduce  an  error  due  to  rounding 
when  converting  from  m/s  to  either  miles/hour  or  knots  (in  the  case  of  knots,  an  average  error 
of  0.7  knots  and  a  maximum  error  of  1 .5  knots  will  result)  The  average  errors  due  to  spatial 
and  ten^Knal  sq)aration  of  SSM/I  and  buoy  measurements  are  not  included  in  tlie  plot  since  they 
do  not  contribute  significantly  to  the  total.  Likewise,  errors  in  converting  the  buoy  wind 
measurements  to  u  height  of  19.5  m  aie  insignificant  and  are  not  shown  in  the  plot. 


8.4  VALIDATION  RESULTS 


Performance  of  the  climate  code  5  version  of  the  original  D-matrix  algorithm  is  shown 
by  the  scatter  plot  in  Figure  8.3.  llw  legend  shown  in  the  lower  right  hand  cornea-  of  the  scatter 
plot  is  interpreted  as  follows.  The  bias  and  slope  data  indicates  the  y-axis  intercut  and  slope 
of  the  regression  line  which  has  been  chosen  to  minimize  the  sum  of  the  squares  of  the 
horizontal  distances  from  each  point  to  the  regression  line.  The  SD  is  the  standard  deviation  of 
the  quantity,  (D-matrix  winds  minus  buoy  winds).  The  line  labeled  "CORR(R)"  is  the 
correlation  coefficient  [10]  beUveen  buoy  winds  and  D-matrLx  winds.  Finally,  the  line  labeled 
"^OBS"  gives  the  number  jf  observations  or  data  points  in  the  .scatter  plot.  Figure  8.3  indicates 
th^it  the  (Climate  Code  5  D-raatrix  wind  speed  retrievals  are  scaled  and  biased  by  0.85  and  5.7 
m/s,  resiwctively.  This  poor  performance  of  the  Climate  Code  5  algorithm  is  tyjiica’  of  the 
other  versions  of  the  original  D-matrix  algorithm. 
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Figure  8.3  -  Perfomance  of  the  original  D-matrix  algoritltm 
for  climate  code  5. 


To  correct  this  problem  new  coefficients  were  generated  using  standard  linear  regression 
of  buoy  wind  speed  on  the  coincident  SSM/T  brightness  tempera  ure  measurements,  Tbiw,  Trjjv. 
Ta,7v,  and  Tb37„.  Performance  of  tlie  new  Climate  Code  5  D-matrix  algorithm  is  shown  in 
Figure  8.4.  The  regression  line  associated  with  this  scatter  plot  now  has  the  desired  slope  of 
1 .0  and  bias  of  0.0  indicating  that  the  scale  and  bias  problems  of  the  original  algorithm  have 
been  corrected.  Despite  the  ^iparent  good  performance  of  the  new  al,  orithms,  additional 
improvements  are  necessary  and  will  be  discussed  later  in  section  8.5. 

Before  analyzing  the  retrieval  accuracy  over  various  wind  speed  sub-intervals,  it  was 
necessary  to  re-evaluate  the  rain-flag  criteria.  New  rain-flag  thresholds  were  determined  using 
residua]  plots  like  those  shown  in  Figures  8.5  and  8.6  which  indicate  the  performance  of  the  new 
I  t  riatrix  algorithm  as  a  function  of  the  parameters  used  to  determine  rain,  which  are  (T^jtv  - 
Tbt7h)  atid  Tb,9h.  Each  of  the  data  sets  in  the  residual  plots  were  then  sub-divided  into  a  number 
of  range  bins  and  the  standard  deviation,  SD,  and  average  (also  called  bias)  of  the  points  falling 
witliit  ^‘ach  bin  were  calculated.  The  results  of  these  calculations  are  shown  in  Figures  8.7  and 
8.8.  llie  rain-flag  thres-  olds  wt;re  determined  from  these  plots  by  locating  values  of  the  rain- 
flag  parameters  for  which  either  the  "SD"  or  "BIAS"  cunes  crossed  some  predetermined 
accuracy  level.  For  exam.pie,  the  accuracy  requirement  for  retrievals  with  rain-flag  ze;  is  2 
m/s. 


From  Figures  8.7  and  8.8,  one  can  set  that  the  algorithm  fails  to  meet  this  specificaticn 
when  either  (Tbjtv-Tbjth)  <  50  or  150.  In  this  way,  entirely  new  rain-flag  criteria  were 

uefined.  Tiicsc  are  .summarir^  in  Tabic  5.5.  Note  cur  rsccmmendatiori  to  use  the  four  rain- 
flags  0,  1,2,  and  3,  instead  of  the  original  three.  It  ‘  j  recommended  that  wind  speeds  be 
calculated  under  all  rain-flag  conditions  and  that  th^  a;  vtciated  rain-flag  be  the  user’s  guide  to 
the  accuracy  of  the  retrieval.  TI  is  practice  differe  from  the  ojjeratioii  of  the  original  D-matrix 
which  retrieved  winds  only  u.nder  rain-flag  0  and  I  conditions.  Finally,  it  should  be  pointed  out 
that  the  term  "rain-flag"  is  somewhat  misleading  since  the  rain-flags  (except  rain-flag  0)  indicate 
any  condition  (including  r  in)  which  leads  to  reduced  retrieval  accuracy.  The  accuracy  of  the 
D  -matrix  retrievals  is,  in  i  ;ct,  very  sensitive  to  rain  since  rain  rates  of  less  than  1  mm/hr  will 
trip  rain- flag  1  (1 1]  (see  also  the  section  of  this  report  on  the  validation  of  the  D-matrix  rain-rate 
algorithm). 


Table  8.5  shows  the  new  D:matrix  coefficients  for  all  9  climate  codes  which  were 
derived  using  actual  SSM/I  data  from  the  period  10  July  1987  tlmough  31  March  1988.  The 
measuied  standard  deviation  of  the  difference  between  buoy  winds  and  D-matrix  winds  for  rach 
of  the  cl  ate  codes  vinder  rain-flag  0  conditions  is  shown  in  Table  8.6.  At  least  in  the  average 
sense,  ail  9  D-malrix  algorithms  appear  to  excetti  the  accuracy  specification  of  ±  2  m/s.  Also 
.  hown  in  Table  8.6  is  the  total  number  of  buoy/D  matrix  wind  comparisons  from  each  climate 
code  and  the  perrenta  ;e  of  these  that  were  tagged  with  a  lain-flag  of  1  or  higher.  Although  the 
results  shown  ir.  Table  8.6  arc.  quite  good,  the  D-matrix  wind  speed  algorithm  has  several 
limitations  which  are  discussed  in  the  following  s.^tion. 
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Figure  8.6  -  D-matrix  residual  versus  Tb19H  for  climate  code  5. 
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Figure  8.7  ~  Standard  deviation  and  bias  of  D-matrix  winds  as  a 
function  of  the  rain-flag,  Crayrv'TBTH),  for  climate 
code  5. 
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Figure  8.8  -  Stasidard  deviation  and  bias  of  I>-matrix  winds  as 
a  tunction  of  the  lam-flag,  (Tbim),  for  climate 
code  5. 
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8.5  D-MATRIX  LIMITATIONS 

Wind  speed  residual  plots  weie  again  used  to  study  linntations  of  the  D-matrix  algorithm. 
Plotting  the  residual  as  a  function  of  buoy  measured  wind  speed  demonstrates  the  D-matrix 
performance  over  sub-intervals  of  the  3-25  m/s  range.  Figure  8.9  shows  the  plot  for  Climate 
Code  5  which  is  typical  of  all  Sr  climate  code  versions  of  the  D-matrix.  Dividing  the  region  of 
Figure  8.9  into  a  number  of  range  bins  and  calculating  the  S  )  and  bias  (i.e.,  average)  of  the 
points  felling  within  each  bin  results  in  the  "interpreted"  residual  plot  shown  in  Figure  8.10. 
Ihis  figure  shows  that  the  accuracy  of  the  D-matrix  retrievals  s  best  near  the  global  average 
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Figure  8.9  -  D-matrix  residual  versus  buoy  winds  for  climate 
code  5. 
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Pigurs  8.10  -  Standard  ueviation  and  bias  of  D-matria  winds  as  a 
function  of  buoy  winds  for  climate  code  5. 
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v'ind  sptTxl  of  7  in/s  and  bccotnes  worso  tor  nredirtion*;  away  from  1  rnl<.  Note  that  the  trend 
ot  the  SD  curve  agrees  quite  wed  with  the  pre-launch  error  budget  model  described  in  figure 
8.2.  A!  note  from  the  bias  cur\'c  of  Figure  8.10  that  the  high  wind  speed  (>  15  m/s) 
retrievals  are  biased  low  by  more  than  2  ni/s. 

Although  the  retneval  accuracy  is  met  across  the  climate  code  boundaries,  the 
discontinuity  of  the  retrieved  winds  across  these  boundaries  is  disturbing.  Tliis  is  illustrated  i 
me  global  ch;ul  (see  Figure  8.11)  of  S.SM/i  wind  speeds  for  the  period  January  -  Febntary  1988. 
The  average  discontinuity  across  each  latitude  band  boundary  was  also  calculated  u.sing  actual 
SbM/I  data.  'I'he  re.sulis  arc  summarized  in  Table  S.7. 

rhe  accuracy  of  the  wind  S|>ecd  retrievals  deteriorates  rapidly  in  rain  as  was  indicateii 
by  Figure  8.7,  'I'hi.s  is  not  so  much  a  problem  with  the  algorithm  as  it  is  a  problem  witli  the 
frequencies  u.sed  by  the  SSM/l.  Microwave  radiation  at  19,  22  and  37  GHz  is  heavily  attenuated 
.)y  water  vapnir  and  rain  in  the  earth’s  atmosphere,  effectively  masking  the  wind  speed  signature 
generated  by  oeea«,  surface  foam  and  waves.  This  attenuation  significantly  aff  ‘Cls  the  ability  of 
the  SSM/l  to  rcideve  accurate  wind.s  in  and  around  typhoons  and  hurriciines  where  rain  and 
heavy  elou-is  are  prevalent.  Figure  8  12  shows  the  rain-flagged  areas  of  typhoon  Wynne  as  it 
appeared  or.  July  2:i,  1987  a*  appuiximalcly  2040Z.  .^tcording  to  aircr  aft  reconnaissance  data 
coileeU  .i  by  the  .\ir  F'crcc/Navy  Joint  Typhoon  Warning  Center,  i  boundar)'  enclosing  the 
rain  flag  3  area  corre.sponds  roughly  to  the  25  in/s  wind  speed  radius  of  this  .sU)rm.  Vi.sually 
ob.  crvctl  winds  f;  -im  the  aderaft  near  the  storm  center  were  reported  to  be  as  high  as  60  iii/s. 
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r-coded  chan  of  winds  produced  with  the  operational  D-ma»nx 
iuary-Febr>iary  1988.  Land  is  shown  in  black  and  sea  ice  is  shown 
used  to  display  the  wind  speed  in  2  m/s  intervals,  going  from  2  to 
visible  at  the  trjmsition  lines,  especially  at  2CN,  25iN,  20S  and  25S. 
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I'ljiuic  iVl?.  -  Kain-tlr.pecd  an’as  ol'  typhcKv.i  Wynne  as  il  pas;;ed  over  die  Mariana 
islands  on  June  T*'.  19H7  at  204‘S/..  i.ines  delineatinj^  rain  nay,}’,ed  areas  vitlnn 
the  storm  are  stunvn  'A'itli  th’.’ir  standard  deviation  retrieval  ar curaeies. 


TABLE  8.7 


WIND  ;v.'EED  DTSCONIINUITY  ACROSS  THE  D-MATRIX  ZONAL  BOUNDARIES 


Ciimate 
C'.KfctS  1 


0.1/1. 4 

0.5/0.6 

— 

— 

r 

1 

1 

0 

— 

1.2/1. 8 

~ 

1  _ 
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0.4/1. 3 
0.5/1. 5 


1 .3/1.9 


Av;;ragc  (i'n/s)/Sfanda.d  Deviation  (mts) 


An  appajcni  SSM/i  scan  positioi’  ‘'as  i;’  ihe  D-matnx  winds  has  been  observed  using  the 
residual  plot  shown  in  J  igure  8. 13.  s  pit',  h,  yaw  and  roll  error  of  the  SSM/'I  is  believed  to  be 
partly  respt'nsible  for  tins  pheno*  lena.  Thus  question  is  discussed  further  in  another  section  of 
this  report  which  addresses  the  gcolocRtion  problem.  When  the  geolocation  problem  is  solved, 
a  slight  adjustment  of  the  D-matrix  coefficients  may  be  necessary. 

In  C.O!  eluding  this  sectior;,  it  should  be  noted  that  two  and  possibly  th  x  serious 
limitations  of  the  9-version  original  n  matrix  algorithm  warrant  use  of  an  alternate  algorilPin. 
As  will  be  shown  in  the  next  section,  i;Oth  the  high  wind  bias  and  ronal  discontinuity  problems 
can  he  partially  solved  using  an  alternate  D-matrix  type  algorithm  which  Jtilizes  a  single  set  of 
coe  icients,  instei -d  of  nine,  without  a  loss  in  the  specified  +  2  m/s  ac  uracy. 

8.6  IMPROVHD  ALGORITHM 

A  single  D  mnfTiK  algorithm,  valid  at  all  latitudes  and  during  all  season;,  was  developed 
and  found  to  meet  the  -j;  ?  ni/s  accuracy  specification  under  rain-flag  0  condition.>.  This  global 
wind  sp<‘cd  algorithm  was  devclopi’d  using  900  randomly  se!ecie<j  SSM/I  buoy  p.  irs  (100  from 
each  of  the  9  climate  codes).  Out  of  this  tola’,  only  708  matche-  pairs  (raiu-llaggcit  either  0  or 
1)  were  retained  to  develop  the  new  algorithm.  In  his  way,  the  c  ■■  cients  for  the  algorithm 


ssm:  winds  minus  buoy  winds  (m/s) 


were  gcntraSud  using  some  data  affected  by  rain  (rain-flag  1  data),  making  the  global  algorithm 
somewhat  tolerant  of  rain. 


A  weighted  linear  regression  [10]  of  the  buoy  wind  speeds  on  the  coincident  SSM/i 
brightness  temperatures  of  Tb,5.v.  Tbsth,  was  done  using  the  data  set  described 

above.  The  reason  for  using  TbI9V  instead  of  will  be  discussed  later  in  this  section.  The 
weights  used  in  the  regression  were  set  equal  to  one  over  the  square  root  of  the  wind  speed 
density  function  (see  Figure  8.1),  evaluate  at  the  particular  buoy  wind  speed.  This  type  of 
weighting  has  the  effect  of  making  all  wind  speed  ranges  equally  important  in  the  creation  of  the 
new  algorithm.  In  contrast,  the  unweighted  regression  used  previously  tends  to  emphasize  those 
wind  speed  ranges  with  the  greatest  amount  of  data  and  de-emphasize  the  ranges  where  little  data 
was  collected.  This  is  precisely  why  the  original  D-matrix  performed  well  near  the  global 
average  wind  speed  ol  7  m/s  and  performed  poorly  (both  in  term.s  of  SD  and  bias)  in  the  high 
(>  15  m/s)  range. 


Performance  of  the  altemaie  global  D-matrix  algorithm,  under  rain-free  conditions,  is 
shown  in  Figuie  f*  14.  The  data  used  in  this  figure  is  comprised  of  withheld  data  taken  from 
all  9  of  the  origin  D-mairix  climate  codes.  In  other  words,  the  global  wind  speed  algorithm 
vas  generated  using  one  set  of  data  and  tested  on  another  independent  set.  From  Figure  8.14, 
the  retrieval  SD  is  found  to  be  2.0  m/s  which  meets  the  ±  2  m/s  accuracy  specification. 


Although  the  regression  line  in  Figure  8. 14  shows  slight  errors  in  bias  and  slope,  true 
performance  of  the  alternate  global  wind  speed  algorithm  is  best  illustrated  by  the  interpreted 
residual  plot  shovm  in  Figure  8.15.  These  icsulix  smiw  thai  much,  of  the  high  wind  speed  bias 
associated  with  the  original  D-matrix  retrievals  has  been  removed  by  the  weighted  regiession 
lec'nnique.  The  sensitivity  of  i  e  gl<  "'•al  wind  speed  algorithm  to  rain  has  not  improved 
significantly  as  revealed  by  Figures  8.16  and  8.17.  The  feasibility  of  special  D-matrix 
algorithms  designed  for  use  under  rainy  conditions  will  be  addressed  later  in  this  section. 


It  is  useful  to  know  what  SSM/I  channels  are  most  important  in  the  retrieval  of  wind 
speeds.  This  aides  in  the  constriction  of  new  algorithms  and  indicates  what  retrieval  accuracies 
are  possible  should  an  SSM/I  channel  become  inoperative.  To  this  en  1,  the  708  matched  pairs 
of  data  previously  described  were  again  used  to  create  the  best  glc^al  multichannel  regression 
algorithms  where  the  number  of  channels  varied  from  1  to  5.  The  results  are  summarized  in 
Table  8.8  where  the  SD  shown  indicates  the  relai«ve  retrieval  accuracy. 


It  is  interesting  to  note  that  the  best  4-channel  algorithm  (the  proposed  alternate  global 
algorithm)  does  not  use  the  same  four  channels  as  the  original  D-matrix  algorithm.  '  he 
pioposed  global  algorithm  uses  Tb,9v  instead  of  the  7'bI9H  chamiel  employexl  by  the  original  D~ 
mabix  algorithm.  If  Tb,9„  h  d  been  chosen  instead  of  Tgjgv,  the  performance  would  have  been 
slightly  worse  with  an  SD  of  2.1  m/s  un<ler  rain-flag  zero  conditions.  As  in  the  original 
algorithm,  the  alternate  global  algorithm  alsc.  nscs,  the  4-chaiuiel  D-matrix  since  it  represents  a 
good  compromi  e  between  calculation  efficiency  and  retrieval  accuracy. 
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Figure  8.  !5  -  Standard  devia*'on  and  bi?s  of  the  global  D  matrix 
winds  as  a  function  of  buoy  winds. 
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figure  8  16  -  Standard  deviationi  and  bias  of  the  global  l>niialrix 
winds  as  a  fisnctior?  of  the  lain-Hag,  Cl'iarTv’^BO'/.w)- 
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Figi'-  8. 17  -  Standard  dc\'iation  and  bias  of  the  global  I>  matrix 
winds  as  a  function  of  the  rain-flag,  (TBi9}d- 
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COEFFICIEJSrrS  AND  RELATIVE  PFJIFORMANCE 
OF  THE  BEST  MIH^TICHANNEL  D-MATRIX  ALGOIUTHM 


C-* 


NO.  OF 
CHAN. 

COEFnCIENTS 

S.D 

CON 

19V 

I9H 

22V 

37V 

37H 

1 

44.38 

-0.1495 

5.0 

2 

195.07 

•  •  • 

•  #  . 

«  .  « 

-1.5341 

-0.9144 

2.5 

3 

237.57 

•  «  • 

*  «  • 

-2.(M13 

1.0092 

2.3 

4 

147.90 

•  •  • 

-0.4555 

-1.7600 

0.7860 

2.0 

5 

148.25 

1.0233 

0.0678 

-0.4692 

-1.6859 

0.7371 

2.0 

Should  one  of  the  four  selected  channels  become  inoperative,  a  3-chaiMicl  or  4-channel 
algorithm  can  be  constructed  which  would  perform  as  indicated  in  Table  8,9.  All  algoritlims 
coefficients  in  this  table  were  generated  froni  the  same  data  set  used  to  make  the  global 
algorillim. 


In  an  attempt  to  gel  more  accurate  retrievals  under  rain-flagged  conditions,  special  rain 
D-matrix  algorithms  were  cieated  and  tested.  These  algorithms  were  constnicted  using  a  data 
set  containing  SSM/I-buoy  pairs  that  were  rain-flagged  either  1,  2  or  3.  'fhe  results  are  shown 
in  Table  8. 10.  Note  that  the  low-frequency  channels  (19  and  22  GHz)  were  identified  as  being 
”be.st”  for  the  1  and  2-channel  algorithms  indicating  that  they  are  less  attenuated  by  the  rain  than 
are  the  high-frequency  channels.  The  SD  of  the  rain  D-matrix  retrievals  under  rain-flag  1,  2 
and  3  conditions  appear  quite  good.  However,  the  results  are  misleading  as  indicated  by  Figure 

8.18.  This  figure  shows  that  the  best  rain  D-matrix  algorithm  is  simply  predicting  a  near 
constant  wind  speed  of  approximately  10  rr./s.  The  correlation  coefficient  associated  with  Figure 
8.18  is  0.53,  indicating  that  the  algorithm  can  account  for  only  about  25%  of  the  ariance  in 
buoy  wind  speeds.  The  global  D-matrix  performance  on  the  same  data  set  is  shov;  ..i  in  Figure 

8.19.  A  fair  number  of  the  global  D-matrix  retrievals  in  rain  are  quite  good.  This  is  exptxxed 
since  the  algorithm  was  constructed  using  data  that  was  rain-flagged  either  0  or  1 .  Figure  8. 19 
also  shows  that  the  rain-flagged  retrievals  are  typically  biased  high  and  the  correlation  coefficient 
of  0.27  indicates  that  the  global  wind  speeei  algorithm  performs  poorly  in  rain  as  did  the  special 
rain  D-matrix  algorithms.  Based  on  this  analysis,  it  can  be  concluded  that  a  special  rain  D-matrix 
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Figure  8,18  -  Performance  ot  the  special  5-channel  D-mahrix 
algorithm  designed  for  retrievals  under  rain-tiag 
1 ,  2  and  3  ccmditions. 


DMATRIX  WIND3  (M/S) 


TABLE  8.9 


GLOBAL  WIND  SPEED  ALGORITHMS  WHSt  :H  CAN  BE  USED  j 

IF  TOE  SSM/I  LOSaS  A  CHANNEL  I 


1  AIXjOR. 

ID 

COEFFICIENTS 

— 

S.D. 

CON 

19V 

19H 

22V 

L_37V  _ 

37H 

. 

(3-Channel 

Algorithms; 

1 

198.66 

X 

... 

0.0072 

-1.5642 

0.9227 

2.4 

2 

237.58 

0.2613 

•  «  « 

X 

-2.(M13 

1.0092 

2.3 

3 

-47.46 

0.8133 

•  •  • 

-0.6S16 

X 

0.2988 

3.3 

4 

-113.06 

1  8278 

... 

-1.1173 

0.0419 

X 

3.7 

(Rev 

ised  4-Char 

inel  Algorit 

ims) 

3 

165.86 

X 

0.7208 

-0.4729 

-0.909) 

0.298.3 

2.1  1 

6 

213.29 

1  CH37 

-0.5325 

X 

-2  5612 

1.3443 

2.3  1 

7 

93.68 

-0.1989 

1.1056 

-0.7511 

X 

-0.1703 

2.5  1 

8 

124.65 

0. 1256 

0.9607 

-0.7236 

-0.:  050 

X 

2.3  1 

. 

_ 1 

■ 

■ 

L_ 

■ 

X"  =  Lost  Oiannel 

algorithm  is  not  required  and  ti^iat  the  global  EEmatrix  algorithm  should  be  used  to  calculate 
winds  under  all  conditions.  It  should  be  pointed  out  tliat  45  of  the  data  points  in  Figure  8.18 
do  not  ^>pear  in  Figure  8. 19  because  the  D-matri»  value5  were  above  50  m/s. 

Although  the  D-matiix  wind  speed  retrievals  me  t  ^)ecifications  under  tain-free 
conditions,  it  has  been  sugge  ied  that  an  iterati  r-type  algorithm  nuight  improve  retrieval 
a  curacy.  Unlike  the  D-matrix  algorithm,  the  iterative  algorithms  are  based  on  a  physical  mode! 
which  accurately  predicts  the  effect  that  both  wind  speed  and  rain  have  on  the  measured 
brightness  temperature.  Since  the  rain  dependence  is  known,  its  contribution  to  the  total 
brightness  temperature  t:an  be  effectively  subtracted  out  making  a  more  accurate  wind  speed 
retrieval  possible  under  rain-fiee  and  light  rain  conditions.  However,  a  fundamental  limit  on 
the  retrieva'  accuiacy  of  any  wind  speed  algorithm  is  determined  by  the  feet  that  microwave 
radiation  at  the  selected  SSM/I  frequencies  is  hea\'i!y  attenuated  by  rain.  More  spix:ifically, 
microwave  radiation  emitted  from  the  i  cean  surface,  which  contains  ii.fonnation  from  which 
wind  spe 'd  is  inferred,  must  pas.s  through  the  water  laden  atmosphere  b:fore  being  measured 


NO.  OF 
CHAN. 


TABI.F.  8.10 

MUT^TTCHANNIit  D  MATRIX  WIND  SPFIiD  AIXiORITHM 
FOR  RAIN  FL  AG  1.  2,  AND  3  CONDITIONS 


_(X)N__ 

32.98 

81.87 

78.02 

86.37 

79.72 


-0.8860 

-0.8291 


0.4861 

0.4689 


0324 


0.0597 

0.2471 

0.2862 


by  the  SSM/I.  If  this  important  signal  is  attenuated  to  a  level  below  the  SSM/I  instrument  noise 
then  accurate  wind  speed  retrievals  are  no  longer  possible.  The  rain  rate  at  which  accurate 
SSM/1  wind  speed  retrievals  begin  to  degrade,  regardless  of  the  algorithm,  seems  to  be  about 
2  mm/hr. 

SSM/I  wind  speed  retrieval  accuracy  in  tropical  stonn.s,  typhoons  and  hurricanes  is 
•imiied  not  only  by  the  rain  associated  with  these  storms  but  by  the  spatial  resolutions  of  the  19, 
22  and  37  GHz  channels  (55,  49,  and  32  km).  Wind  speed  gradients  in  the  core  regions  of  a 
storm  are  typically  on  the  order  of  2  m/s  per  kilometer  and  can  persist  over  a  instance  of  25  km 
or  more.  Any  SSM/I  wind  speed  retrieval  under  these  conditions  would  be  a  gross 
underestimation  of  the  highest  winds  present  in  the  resolution  cell. 

In  an  attempt  to  gather  additional  high  wi.nd  speed  data  for  the  validation,  D-matrix 
retrievals  were  compared  with  aircraiit  reconnaissance  observed  wind  speeds  in  the  15-25  m/s 
range  near  typhoons  Hetty,  Cary,  Thelma,  Vernon  and  Wynne.  The  reconnaissance  flights  were 
made  during  the  typhoon  season  of  1987  by  larcraft  from  the  /Vir  Force/Navy  Joint  Typhoon 
Warning  Center.  From  this  large  set  of  data,  less  than  15  SSM/I-aincraft  data  comparisons  met 
the  criteria  of  being  witliin  25  km  and  within  30  minutes  of  one  anothei .  Since  only  a  few  of 
the  15  match-ups  were  for  winds  exceeding  20  m/s,  the  results  are  considered  statistically 
insignificint  and  are  not  shown.  However,  forther  analysis  of  this  nature  is  neec*  xl  to  validate 
the  high  wind  (>  15  in/s)  perfoimance  of  the  D-matrix  algorithm. 

8.7  CONCLUSIONS 

Although  wind  .speed  retrievals  from  tlie  original  versions  of  the  D-matrix  algorithm  did 
not  me-.  t  the  accuracy  specification  of  ±  2  m'  l,  regeneration  of  tlie  D-matrix  coefficients  using 
standard  linear  regression  resulted  in  an  algt  .thrn  whose  retrievals  did  meet  specifications. 
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j  TABLE  8.  li 

1  THE  RECOMMENDED  GLOBAL  D-MATRIX  AIXjORITHM 

1 

SW  147.90  -b  1.0969  •  To,  -  0.4555  • 

1 

1 

-  1 .7600  •  iVv  +  0.7860  • 

j 

RAIN  FLAG 

CRITERIA 

ACCURACY  1 

0 

Tbjtv  *  Tb37H  ^  50 

AND 

<  2  m/s  1 

*1'b$9K  i  55 

^  n 

i 

1 

^BJTv  ■  fai/H  '1^ 

OR 

Tb„k  >  155 

2  ■  5  m/s  1 

1 

2 

Ta37V  “  Tjth  <  37 

5  -10  m/s 

L . 

l  i37  /  “  Tjth  <  30 

>  iO  m/s 

- 

An  improved  global  D-inatrix  :ilg<?riUim  witi.  a  single  set  of  coeffifsents  lias  been 
developed  wh*  ’  meets  retrieval  accuracy  specificatioi^s  but  does  not  luve  the  zoriiii  discontinuity 
and  high  v  n.,\eu  biis  limifiidon:  found  in  the  original  9-ver;ion  U*inairix  algorithm. 
Coeffid'  '^in-flag  mteria  for  the  global  algorithm  are  given  in  Table  8.  j  I. 

t  criteiia  waj!  levisoit  to  1>e  more  restrictive  a».d  the  global  alg  inthni  now 
uses  four..  «  thru  3,  which  Indicate  retrieval  accuracy  5D’s  of  <2  m/s,  2-5  m/s,  5-10 
m/s  ami  >  10  m/  s,  respectively  Ir  iigh^  of  this  redefinition  it  is  perhaps  more  appropriate  to 
use  the  tenn  accuracy  flag  instrad  of  rain-flag,  Approximatsly  of  the  time,  all  forms  of 
the  D -matrix  algorithm  can  be  expected  to  retrieve  ocean  surface  winds  with  sui  accuracy  of  ± 
2  m/s.  7  Jie  rcxiiaining  15%  of  the  time,  the  :cene  will  be  rain-flagged  and  retrieval  accuracies 
will  be  worse  than  i  2  mfri. 

8.8  REFERENCES 


[1]  J.  Hollinger,  R.  Lo,  j,  Poe,  R.  Savage,  and  J.  '  eirce.  Special 

Naval  Research  Laboratory,  Washington,  DC,  120  pp.,  1987. 


8-34 


2) 

[3] 

[4] 


[5] 


[6] 

m 

[8] 

[9] 


[10] 


D.  B.  GUhousen,  "An  Accuracy  Statement  for  Meteorological  Measurements  Obtained 
from  NDBC  Moored  Buoys,"  in  Proc.  MDS  ’86  Marine  Data  Svst.  Int.  Svinp..  Marine 
Tech.  Soc.,  New  Orleans,  LA,  April  30  -  May  2,  1986, 

W.  T.  Liu  and  T.  V.  Blanc,  "The  Liu,  Katsaros,  and  Businger  (1979)  Bulk  Atmospheric 
ri!ux  Computational  Iteration  Program  in  FORTRAN  and  BASIC,  Naval  Research 
Laboratory,  Memo.  Rq).  5291,  Washington.  DC,  1984. 

F.  M.  Monaldo,  "Expected  Differences  between  Buoy  and  Radar  Altimeter  Estimates  of 
Wind  Speed  and  Significant  Wave  Height  and  their  Implications  on  Buoy-Altimeter 
Comparisons,"  J.  Geophys.  Res.,  vc*.  9?,  no.  C3,  pp.  2285-2302,  1988. 

L.  C,  Schroeder  and  J.  L.  Sweet,  "Mci^ge  and  Archival  of  \SAT-A  Satellite  Data  and 
In  situ  at  Selected  Illuminated  Sites  Over  the  Ocean,"  NASA  Langley  Tech.  Memo., 
Hampton,  VA,  1986. 

S.  A.  Bock,  STATISTICS.  New  York:  McGraw-Hill,  1977. 

D.  B.  Gilhc'isen,  M.  J.  Changery,  R.  G.  Baldwin,  T.  R.  Karl,  and  M.  G.  Buigin, 
"Oimatic  Si  naries  for  NDBC  Data  Buoys,"  National  Data  Buoy  Center  Pub.,  NSTL, 
MS.  1986. 


W.  J.  Pierson, 

^  jr;if 


"The  Measurement  of  the  Synoptic  Scale  Wind  Over  the  Oct  m,"  JL 


^  .^1  OO 


si ughes  .Aircraft  Company,  "Special  Sensor  Microwave/Imager  SSM/I  Critical  Design 
Rrvicv;,"  vd.  2,  Ground  Segment  Report,  pp.  117,  Los  Angdes,  CA,  1980. 

N.  R.  Draper  and  K.  iimith.  Applied  Regression  Analysis.  2nd  ed.  New  Y  >rk:  Wiley, 
1981. 


[1/,]  W.  S.  OlsoTi,  priv.'^.te  communication.  University  of  Wisconsin,  Madison,  WI,  1988. 

il2]  W.  L.  Jones,  et  al,  "Airborne  Microwave  Remote-Sensing  Measurements  of  Hunicane 
Allen,"  SClESiCfi.  vol.  214,  1981. 


8  3S 


SECTION  9 

LAND  PARAMETER  ALGORITHM  VALIDATION  AND  CALIBRATION 

by 

Marshall  J.  McFarland 
Professor 

Dq)artinent  of  Agricultural  Engineering 
Texas  A&M  Univeraty 

and 

Christopher  M.  U.  Neale 
Assistant  Professw 

Denartmenf  nf  Aa»5r!ulnirsil  wnH  T»ri«r!»»wT« 

•« . . . .  **0 - — — — 

Utah  State  University 
contributors; 

Matthew  Batchel<rv,  Dennis  Hill,  Robert  Miller 
Jeffrey  Miller,  Richard  Miller,  Sanjay  Salem,  Susan  aidnberg 
De^rtmeiits  of  Agriculture  Engineering,  Meteorology, 
and  Hectric%l  Engineering 
Texas  A&M  University 

and 

Bruno  G.  Gciuid 

Department  of  Agricultural  and  Irrigatit**!  Engineering 
Utah  State  Universlly 


Tr  irffwi'iJjn 


9.0  LAND  PARAMET  ER  AIXX)RmiM  VALmATION  AND  CALmRA'nON 
9.0. 1  p^ta  Storagg-ar^.  Software  Development 

The  calibration  and  validation  of  algorithms  to  retrieve  land  paran.eters  from  the  SSM/I 
passive  "licrowave  data  required  the  development  of  databases  for  several  land  areas  of  the 
world,  ror  example,  test  area.s  over  tropical  jungles,  deserts,  and  agricultural  areas  were 
established  for  the  development  of  land  surface  *vpe  classification  rules.  Additional  test  areas 
were  developed  in  the  United  States  where  grouni  truth  was  available  from  surface  observations. 

The  Hughes  Early  Orbital  Display  System  (HEODS)  software  was  used  for  the  selection 
e  f  satellite  overpasses  for  areas  and  dates  of  interest.  The  SSM/I  data  of  interest  were  fiir  ushed 
on  9  track,  62‘>0  bpi  magnetic  tape  from  the  Naval  Research  Laboratory.  Data  from  thu  tapes 
were  downloaded  to  files  on  a  clustered  computer  system  consisting  of  a  VAX-8300,  a  VAX- 
8650,  and  a  VAX-8800.  The  S  or  D  ita  Records  (SDRs)  were  pre-processed  to  strip  them  of 
inter-necord  blank  spaces,  heaacr  records,  and  other  non-relevant  information.  These  files, 
saved  in  the  conical  scan  format  for  die  test  areas,  were  denoted  as  SCAN  files,  ITie  SCAN 
files  for  the  test  ar^  were  backed  up  on  magnetic  tape.  Ei  rironmental  Data  Records  (EDRs) 
were  processed  in  a  similar  manner.  Images  were  created  from  SCAN  files  for  visual  screening 
on  an  International  Imaging  System  operated  j*s  a  peripheral  on  a  VAX-750. 


The  SDR  SCAN  files,  which  consisted  of  the  seven  channels  of  microv  ave  brightness 
temperatures  and  the  !atitude-ion.idtude  tags  for  each  pixel,  were  then  loaded  into  a  relational 
daiabasc,  RI  3.  Latitude  and  longitude,  die  '‘leiaiion**  of  the  RDB,  was  used  to  faciuiate  the 
development  of  the  ground  truth  data  base  coincident  with  the  SSM/I  database.  With  the 
specification  of  latitude  and  longitude  coordinates,  ail  SSM/I  and  ground  truth  data  could  be 
assembled  as  one  file. 


Data  sets  of  coincident  SDRs  and  ground  truth  were  extracted  from  the  RDB  in  the  form 
of  one- half  degree  latitude  and  longitude  cells.  ’Fhesc  CELL  files  contained  the  average  of  all 
data  with  a  latitude-longitude  location  in  the  cell.  Sonic  (''EIT.  files  we:  i  also  created  for  one- 
quarter  degree  latitude-longitude  boundaries.  SPOT  files  were  created  by  matching  the  closest 
SDR  file  of  seven  channels  of  brightness  temperatures  with  a  specified  latitude  and  longitude. 

The  primary  source  of  ground  truth  consisted  of  climatological  data  from  the  National 
Oceanic  and  Atmosph  ric  Administratioii  (NOAA)  cooperative  observer  network.  The 
Summaries  of  the  Day  Elements  (TD3200)  from  tlie  rqxrrting  stations  wer-  provided  on  9  track, 
6250  bpi  magnetic  tape  from  NOAA/NESDIS,  Asheville,  NC.  These  daily  elements  Lichided 
maximum  and  minimum  aii  lemperalures,  rainfall  or  water  equivalent  of  snow,  daily  snow 
depth,  and  total  snow  accumulation.  GOES  satellite  imagery  from  the  Department  of 
Meteorology  at  Texas  A&M  University  was  used  to  visually  screen  Ih-  (bua  for  cloud  and 
synoptic  weatlier  condition.v. 
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9. 1  LAND  SURFACE  TYPE  CLASSIFICATION  SCHEME 


9.1.1  Rationale  for  New  Classification  RuU  s 

The  EXTEND  module,  described  in  the  SSM/I  User’s  Guide  [1],  is  a  subset  module  of 
the  entire  environmental  parameter  e:^traction  software.  Surface  types  over  land  are  classified 
Avithin  EXTEND  usi  ig  SDR  brightness  temperatures  so  that  appropriate  parameter  extraction 
algorithms  are  used.  Initial  analysis  of  EDR’s  resulting  ftom  the  original  EXTEND  algcrithms 
indicatjd  numerous  misclassiftcations  with  respect  to  land  surface  types.  One  of  txie  most 
common  misclassifications  was  the  indication  of  rain  when  no  rain  or  clouds  were  presort  in  the 
scene.  This  was  due  to  a  flag  within  the  original  EXTEND  logic  which  compared  the  brighmess 
temperabjres  in  the  37  GHz  and  19  GHz  channels.  If  the  37V  brightness  temperatures  were  less 
than  19V  brightness  temperatures,  a  heavy  rain  event  was  classified.  However,  over  naturally 
occurring  surfaces  such  as  vege^don,  bare  soil,  and  deserts,  the  brightness  temperatures  at  37V 
GHz  were  frequently  found  to  be  less  than  those  at  19V  GHz. 

In  addidon  to  misclassification  within  the  EXTEND  logic,  it  was  imperadve  that  surface 
types  be  diffen  ntiated  prior  to  the  creation  of  calibration/validation  databases.  Tine  reasons 
were; 


1.  The  calibration/validation  project  required  parameter  extraction  algorithms  over 
different  surface  types.  Some  extraction  algorithms  are  mutually  exclusive,  such  as  surface 
moisture  and  snow  parameters,  but  require  the  proper  identidcadon  of  those  conditions.  Other 
surface  typ^  such  as  standing  water,  do  iioi  require  the  extraction  of  surface  parameters.  In 
addition,  during  the  course  of  an  annual  cycle  for  an  agricultural  r  gion,  such  as  winter  wheat 
production  areas,  a  natural  change  in  the  land  sur^ce  type  l  ccurs  Surface  conditions  would 
begin  with  dry  snow  in  the  middle  of  the  winter.  The  snow  woi 'd  undergo  morphological 
changes  and  additional  accumulation  in  the  snow  accumulation  phase.  With  the  onset  of  warmer 
weather,  the  snow  would  enter  the  ripening  phase,  again  with  pronounced  re^nses  in  the 
microwave  frequencies  and  polarizations.  With  complete  snow  melt,  a  flooded  or  wet  soil 
surface  may  occur.  Spring  tillage  or  ’p-eenup  of  winter  grains  would  be  associated  with  arable 
land,  with  varying  degrees  of  soil  moisture.  Increases  in  vegetation  canopy  density  would 
decrease  the  response  to  soil  moisture,  but  theoretically  should  increase  the  accuracy  of  the  land 
surface  temperature  retrieval.  From  harvest  to  snow  accumulation,  the  cycle  continues  with  bare 
soil,  developing  canopy  of  the  winlei  wheat,  frozen  and  unfrozen  soils,  and  si  sw  accumulation. 
Rains  and  varying  atmospheric  water  viqpor  and  liquid  water  contents  occur  throughout  the  entire 
year. 


2.  Over  land,  there  may  be  a  large  variability  of  natural  surface  types  within  an  SSM/I 
footprint.  These  include  different  degrees  of  vegetation  cover,  topographic  characteristics,  an  t 
tine  presence  of  water  bodies  s  ch  as  lakes  and  reservoirs.  Water  bodies  can  increase  the  nois* 
ill  parameter  extraction  regression  data  sets  for  surface  moisture  and  land  surface  »en;perstijrc 
if  included.  As  they  have  a  distinct  detectable  signature  in  the  SS-’i  GHz  channels,  their 


classification  and  removjd  from  the  data  sets  would  ultimately  increase  the  con.idence  in 
parameter  retrievals. 

3.  The  surface  moisture  retiieval  algorithm  was  based  on  an  apparent  emissivity 
(19H/37V).  The  degree  of  vegetation  cover  within  a  footprint  affects  the  sensPwity  of  titis 
variable  with  respect  to  moisture  at  the  soil  surface,  thus  requiring  further  categoiization. 

9.1.2  Land  Surface  Type  Classification  Methodology 

9. 1 .2. 1  Observations 

Ibe  approach  used  in  the  development  of  the  classiricadon  rules  can  be  considered  a 
combined  physical/statistical  metliod.  Channel  brightness  temperature  and  polarization 
differences  along  with  statistically  determined  threshold  values  were  used  to  form  the  rules.  For 
a  particular  surface  type,  the  channel  combination  or  polarization  difference  selected  had  a 
microwave  physical  basis.  The  basic  land  surface  types  developed  were  selected  to  fur';ticn  with 
the  land  surface  parameter  extraction  algorithms  being  validated  in  a  parallel  effort  and  presented 
in  Sections  9.2,  9.3  and  “'.4  of  this  report.  Additional  land  surface  classes  are  possible,  but 
would  probably  be  subsets  of  the  major  clas.ses  presented  herein  or  anomalous  cases. 

9. 1 .2.2  Methodology 

The  CLIPS  expert  system  environment,  created  by  NASA,  was  used  to  develop  the  land 
surface  type  t^htssiucatuiu  algtiriiiiuis.  An  exrifMi  .sysipm  r.nvinjnmeni  was  seiectsci  for  this 
purpose  because  it  facilitated  the  addition,  removal,  or  modification  of  rule  as  well  as  brightness 
temperature  and  polarization  difference  thresholds  without  the  necessity  of  recompiling  the 
software  code.  The  CLIPS  shell  and  the  rules  for  classification  were  embedded  within  a  main 
program  module  written  in  the  C  programming  language. 

The  initial  set  of  classification  algorithms  incorporated  th  ;  logic  and  thresholds  of  the 
original  EX’fLND  module,  described  in  the  SSM/I  Users  Guide  [1].  These  classification 
algorithms,  and  their  subsequent  modifications,  were  used  to  classify  various  land  surface  types. 
Images  of  the  classifications  were  used  in  conjunction  with  geographical  and  natural  resource 
maps  to  determine  the  accuracy  of  the  classification  scheme. 

Training  areas  were  selected  for  the  various  surface  types  in  different  reg  ons  of  die 
world  and  the  United  States.  For  example,  control  areas  in  the  Amazon  and  Congo  jungles  were 
used  to  identify'  the  characteristic  microwave  signature  of  dense  vegetation  in  the  SSM/I 
channels.  Control  areas  in  the  Sahara  and  Sonoran  deserts  were  used  to  identify  the  desert 
signatures.  A  summary  of  the  main  training  (control)  areas  is  shown  in  Trble  9.1. 

.SDR  data  from  several  orbits  over  these  training  ar  is  wen’  grouped  according  to 
overpass  time,  cloud  condition,  and  st^ison.  Tire  SDR  dau;  used  consisted  of  the  sever 
brightness  temperatures  of  ilic  A  scan  concentric  ftx)tprints.  The  value  for  die  85.5  Gtic 
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channels  assigviod  to  the  conccaitric  footprint  consisted  T  an  average  of  the  surrounding  eight 
85.5  GHz  footprints  from  A  and  B  scans.  Several  combinations  of  SDR  brightness 
temperatures  with  respect  to  frequency  and  polarization  cifferences  were  calculaterl.  These 
combinations  arc  shown  in  Table  P.2. 

Basic  statistics  of  brightness  temperatures  and  polarization  differences  were  obtained  for 
each  surface  type.  These  basic  statistics  included  mean,  standard  de\'iation,  mode,  skewness, 
distribution  type  etc.  v  set  of  new  rules,  identified  th  ough  the  statisticf’  analysis,  were 
developed  based  on  brightness  temperatures,  brightness  te  nperatun’;  combinations,  and 
polarization  differences.  New  rules  were  added  tc  the  expert  system  module  and  tested  against 
independent  data  sets  These  data  sets  were  either  for  different  geographical  areas  with  similar 
characteristics  or  for  different  seasons. 

Another  source  of  ground  truth  information  for  the  validation  of  classification  niles  was 
the  major  land  resource  area  (MLRA)  classifications  of  the  Soil  Conservation  Service  [2].  These 
classifications  grouped  areas  with  similar  characteristics  with  respect  to  topography,  natural 
vegetation,  land  use,  climate,  soils  and  water  re.sources. 


TABI.E  9. 1  A  SUMMARY  OF  SOME  CONTROL  AREAS  USED  IN  SLTRFACE  TYPE 
IDENTTFICATION 


Control  Area 

Surface  T)'pc 

locaticn 

Boundaiies 

A 

- 

bPV  Corner;  2"S  54“W 

SE  Comer:  4°S  52“W 

B 

Dense  Vegetation 

Congo  Jungle 

NW  Comer:  rs  20“E 

SE  Comer:  3"S  23‘’E 

r 

Dense  Vegetation 

Amazon  Jungle 

NW  Comer:  5°S  69‘’W 

SH  Comer:  8“$  66'’W 

Amazon  Basin 

Dense  Vegetation 

Am.azon 

NW  Cc  -ler:  O^S  64  “W 

SE  Con..r:  10°S  SO^W 

MLRA  Ul  iO 

Dense  Vegetation 

Appalachian 

NW  Comer:  36.3'’N  83‘’W 
SE  comer:  35.3’N  82°W 

Appa’achian 

Dense  Vegetation 

Appalachian 

NW  comer:  40"N  87“W 

Forest 

SE  comer:  33"N  80°W 

Cential  Plains 

Mixed  Vegetation 

United  States 

NW  Comer:  50’N  lOS^W 

&  Soils 

SE  Comer:  32  “N  95"  W 

MLRA  ^30 

Semi-Arid  Veg.  & 

Mojave  Desert 

NW  comer:  35.5*=N  il8“W 

Soils 

California 

SE  comer:  34.5"N  llb^W 

Sahara 

Desert 

Sahara,  Libya 

NriV  comer:  16"N  18"E 

SE  corner;  14“N  21  °E 
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TABS  .E  y.2  COMBINATIONS  OF  MICROWAVE  BRIGH’I  dSS  TEMPERA  RII  ES  USED 
FOR  T  IF.  CHARACTERIZATION  OF  lAND  SURFACE  TYPES 


Cr22V  •  T.19V) 

[a] 

(TI9V  F  T37V)/2  -  (T19H  F  T3'7H)/2 

lb] 

(TiW  F  'n7V)/2 

(T37V  T19V) 

[cl 

(T85V  -  T37V) 

[d] 

(T85K  -  737H) 

le) 

(T37V  -  T37H) 

[fi 

Cn7H  -  T19H) 

m 

(Ti9V  -  T19H) 

[i] 

CrS.^  -  T8bH) 

Ik] 

l/;tters  in  bmckets  [  ]  indicat?^  how  the  combination  is  rcferntd  to 
throughout  the  text. 


9.1.3  Ijsa^lflpjKSQl ii££i2Ssif).catkn-B.»ks 
9. 1 .3. 1  25ense  Vegetation 

Iluiissioit  by  a  vcgciatioji  liaiiiuuy  u)i«.'»ii\L<i  iii"  coninbiitions  nTJvn  the  vegetation  iayt.'’  as 
well  as  from  th  underlying  .soil  surface  [3].  At  the  SSM/I  channet’  frequencies  (19.35  GHt.  and 
greater),  vegetation  canopies  can  be  treatcfl  as  semi-infinitu  mediums  with  respect  to  ctaissioit 
properties.  According  to  Ulaby  et  al.  [3],  toe  brightness  temperamre  of  a  weakly  scattering 
media  above  a  semi-infinite  nie<lium  can  be  simplified  to: 

=  (l+r.(0,p)/L(^))(M/Ue))(l-an\  +  (l-r.«?,p)T;L('?))  (1) 

where: 

r,  =  the  air-soil  reflectivity 

L(9)  =  the  loss  factor  of  the  vegetation  canopy 

a  =  single-scattering  albedo  of  vegetation 

Tv  =  physical  *einperaUi.Te  of  the  vegetation  layer 

T,  =  physical  temperature  of  the  soil  surf  ace 

6  -■  incidence  angle 

p  polarization  index  equal  to  v  or  h 

The  loss  factor  L(4*)  depends  on  the  height  of  tiie  vegetation  layer,  the  incidence  angle 
ano  die  microwave  frequency.  For  frequer«de.s  above  10  GHz,  tSie  optical  ihickness  is  lange  and 
lj(j9)>>  1.  Equation  (1)  can  then  be  approximated  by: 


(2) 


-  (l-a)T, 


Th  ;  implies  that  the  canopy  brightness  tempeiatu^e  is  indqjendent  of  Uie  incidence  angle 
S,  and  of  afkt&nna  polarization  if  a  is  isotropic.  This  ras  certainly  been  true  for  the  SSM/I 
frequencies  in  fhe  case,  of  very  lossy  canopies  such  as  dense  jungle.  Brightness  temperature 
j  xolarization  difference.s  at  all  frequt^ncies  have  been  very  small  for  pixels  over  the  Amazon  and 
Congo  j  ingles,  f.vowever  a  dependence  of  brightness  temperature  with  frequency  has  been 
observed  which  implies  that  equation  (2)  is  only  a  first  ^rder  approximation  of  the  emission  from 
vegetation  foi  the  SSM/I  frequencies. 


Table  9.3  summarizes  the  main  statistics  for  selected  channel  combinations  over  dense 
vegetation  -control  areas.  These  locations,  selected  from  natural  resource  maps,  avoided  large 
rivers  and  laJce.s.  Figure  9.1  shows  a  histogram  of  average  brightness  temperature  polarization 
differen'..cs  m  the  19.35  and  37.0  GHz  frequencies  for  combined  ascending  and  descending 
overpass  data  over  control  areas  A  and  B  in  the  Amazon  region.  The  distribution  was  close  to 
a  nonnal  distribution  with  a  mean  polarization  difference  of  0.67  K  (combination  [b]  in  Table 
9  3).  Brighbress  temperatures  in  the  37.0  V  GHz  channel  were  on  the  order  of  4  K  lower  thait 
in  the  '9  35  V  GH  *:  .hannel  while  the  85.5  V  GHz  brightness  temperatures  (Tg’s)  were  around 
7.  K  higher  than  Ln  the  37.0  V  GHz  channel.  No  physical  explanation  was  found  for  this  "dip" 
in  the  3?  GHz  brightness  teirneratures  over  dense  vegetation. 


By  selecting  twice  the  standard  deviation  as  the  upper  and  lower  limits  for  the  normal 
distribution  of  brightness  temperature  combinations  shown  in  Table  9.3,  96%  of  all  occurrences 
wij!  fall  between  those  limits.  Based  on  these  results  for  the  three  control  areas  over  dense 


vegetation,  the  upj'  a.r  limit  of  average  brightness  temperature  polarization  difference  in  the  19.35 
G.Hz  and  37.0  GHLz  (combination  [b])  was  set  at  1.9  K.  The  lower  limit  was  around  -0.4  K 
u.sing  the.  same  rationale.  Although  true  negative  polarization  cifferences  are  physically 
impossible  from  horiziintcJ  surface .  a  small  amount  of  such  cases  were  observed  in  the  SSM/I 
data  ever  dense  vegetation.  This  could  be  due  to  random  noise  within  the  individual  channels. 
As  die  energy  being  emitted  from  dense  vegetition  is  essentially  depolarized,  it  is  possible  that 
the  br!ghtnes,s  temperatures  in  the  horizontal  channels  can  become  greater  than  in  the  vertical 
channels  on  some  occasions,  but  still  be  within  the.  acceptable  variability  of  the  instrument.  A 
second  possible  explanation  involves  tl;e  strucbirc  of  jungle  ve^  station.  Microwave  energy 
emitted  from  d  rnse  vege.tation  will  be  isotropic.  If  any  predominant  orientation  is  present  in  the 
vegetation,  the  emitted  energy  will  have  polarization  ^ffereitces.  For  a  tropical  rain  forest,  th  • 
tall,  \  jxtical  tree  trunks  could  provide  the  predominant  orientation.  If  tliis  were  tiie  case,  the 
frame  of  reference  for  Use  *  horizontal  and  vertical  polarizationr-  would  reverse,  Tl  t  largest 
component  of  tlic  emitted  rar.iation  would  be  in  a  plane  perpendicular  to  tlie  vertical  tree  trunks. 
For  the  frame  o-  reference  of  the  v  rtically  and  horizontally  polarized  brightness  temperatures 
of  the  SSM/1,  ti'e  horizontally  polarized  brightness  temperature  could  exceed  the  verticallv 
polarized  brightness  temperature.  Based  on  the  combinations  shown  in  Table  9.3  as  well  as 
statistics  for  .single  channels,  the  uile  to  classify  dense  vegetation  becomes  (all  threshou  and 
temperatures  in  Kelvin): 
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TEMPERATURE  COMBINATIONS  OVER  DENSE  VEGETATION  CONTROL 
AREAS 


romfunation 


SI5  '  Lower  Upper  Overpass 

Limit  Limit  Calendar 

(K)  (K)  (K)  Date 


Dense  Vegetation 


(D 

O 

C 

« 

k. 

3 

u 

o 

O 


>. 

o 

c 

«D 

3 

□r 

(D 


a> 

> 

o 

K 


-0.88  -0.13  0.63  1.38  2.1-^  2.8  1  3.63 

(i19V  f  T37V)/2  -  (T19H  ^  T37KV2  (K) 


Figure  9. 1  Distributioit  histogram  of  average  polarization  in  the  19.35  GHz  and  37.0  GHz 
channels  over  dense  v^etation. 


22V  -  19V  <  =  4.0  [a] 

((19V  +  37V)/2,0)  -  ((19H  -F  57H)/2.0)  <  =  1.9  [b] 

85V  -  37V  >= -1.0  [d] 

85H  -  37H  <  4.5  [e] 

19V  >  262  [g] 


Conditions  [a]  and  [e]  check  for  the  presence  of  large  quantities  of  water  on  the  surface 
within  the  footprint  and  will  be  discussed  later.  Condition  [b]  is  the  check  for  low  polarizatioa 
differences,  the  characteristic  microwave  signature  of  dense  jungle  vt^etation.  Condition  [d] 
is  a  precipitation  flag  and  h  based  on  the  lower  limit  for  this  channel  combination  shown  in 
Table  9.3.  The  adjusted  threshold  of  -1  K  is  suggested  instead  of  0  K  (lower  limit  for  the 
distritnition  shown  in  Table  9.3)  to  ensure  that  <mly  precipitating  clouds  are  classified  for  the 
precipitation  over  vegetation  rule,  also  discussed  later.  Condition  [g]  is  a  check  for  above 
freezing  temperatures  in  the  vegetation  canopy  (for  a  single-scattering  albedo  of  0.04). 
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Table  9.3  alst)  presents  brightness  Icmpciatuic  combination  statistics  for  additional  (and 
independent)  orbits  over  control  area  C  of  the  Congo  Jungle  and  a  scene  encompassing  a  large 
portion  of  the  Amazon  basin  For  the  latter  scene,  data  corresponding  to  footprints  sensing 
rivers  and  other  non -vegetation  classifications  were  removed  from  the  data  .set.  These  results 
are  not  significijitly  different  from  those  of  control  area  A  and  B.  Results  from  the  independent 
data  confirm  that  tliis  rule  properly  classifies  dense  vegetation  situations. 

In  the  U)uted  States,  the  closest  vegetative  covers  to  dense  tropical  jungles  are  found  in 
the  hardwood  forests  of  the  Appalachian  mountains.  SSM/I  data  obtained  ovei  a  small  area  of 
the  Appalachian  mountains  as  well  as  the  Major  I.and  Resource  Area  (MLRA)  #130  are  also 
shown  in  Table  9.3.  Tne  MLRA  IT  esource  region  consists  of  dense  forests  of  different  oak 
variefies,  white  pine,  hemlock,  re»_  spruce,  balsam  fir  and  se’  cral  species  of  imderstory 
vegetati^m  [2].  The  polarization  differences  were  about  1  K  greater  than  for  the  dense  jungle, 
and  resulted  from  a  lower  density  canopy. 

9. 1.3. 2  Dense  Agricultural  Crops  and  Rangeland  Vegetation 

This  rule  applies  in  situations  where  soil  is  totally  or  partially  c<  ered  by  vegetation 
within  -  n  SSM/I  footprint.  Such  occurrences  are  common  in  agricultural  regions  with  crops  at 
different  stages  of  growth  or  canopy  cover;  on  rangeland  with  grasses  and  shrub  type  vegetation 
at  peak  gro'vtli,  or  on  combinations  of  these.  This  category  of  vegetation  is  still  considered 
dense  with  sespect  to  sv.  face  soil  moisture  retrievals.  .\s  discussed  in  section  9.3  of  this  report, 
the  sensitivitv  to  .surface-,  moishire  is  very  .small  for  averaoe  mdarizations  i*-  fhe  19  35  GHz  and 
37.0  GHz  of  less  than  4  K,  rendering  retrievals  physically  impossible.  Examples  ot  such  regions 
are; 


1.  Agricultural  areas  and  grasslands  of  the  Central  Plains  of  the  U.S.  and  some 
rangeland  of  the  western  U.S.  at  peak  vegetation  cover. 

2.  The  "cerrado"  vegetation  region  of  central  Brazil.  These  are  savanna  tyoe  areas 
with  extensive  grasslands  mixed  with  small  trees  and  .'^hrubs. 

3-  l  i.c  Savanna  regions  of  Africa  at  peak  vegetation  cover. 

The  green  vegetation  density,  which  can  be  quantified  by  the  Leaf  Area  Index  (L.AI),  will 
vary  consider.\bly  throughout  the  )  •ar  in  these  regions,  according  to  season.  The  peak  LAI  for 
an  agricultm'al  region  in  the  Cenlrai  Plains  can  occur  during  the  months  of  May  through  August, 
depending  on  the  latitude  and  type  of  vegetation,  and  if  the  vegetation  is  grow  ig  under  r. 
precipitation  or  irrigation  (crops).  Vegetation  densities  in  gra.vslai)ds  and  savannas  will  also  vary 
according  to  the  precipitation  amount  and  distribution  throughout  the  year. 

Table  9.4  shows  the  mean  and  standard  deviations  for  some  of  the  main  SSM/S  channel 
combinations  required  for  characterizing  dense  agricultural  and  rangeland  vegetation. 
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TABLR  9.4  MEAN  AND  STANDARD  DEVIATIONS  FOR  BRIGHTNESS  TEMPERATURE 
COMBINATIONS  OVFJR  DENSE  CROPI.AND/RANGEI. AND  VEGEl’ATTON 
COVER  IN  DIFFERENT  AREAS  OF  THE  WORLD 


Central  Plains 

Cerrado  Region 

African  Savannas 

C'ombination 

Mean 

SD 

Mean 

SD 

Mean 

SD 

(K) 

(K) 

(K) 

(K) 

(K) 

(K) 

:'  2V  -  19  V 

[a] 

-1-12 

1.24 

0.12 

1.03 

-2.49 

0.98 

G9V+37V)  -  G9H-h37Hl 
2  2 

[b] 

3.20 

0-63 

3.57 

0..37 

2.84 

0.7 

37V  -  19V 

[cl 

-3.54 

0.83 

-i.22 

0.69 

4.42 

0.8.5 

85V  -  37V 

[d] 

1.52 

0.96 

2.32 

0.75 

2.08 

0.71 

85H  -  37H 

[Cl 

2.32 

1.03 

3.20 

0.52 

2.93 

0.77 

The  dense  a^iricultural  and  rangeland  v^etation  ran  he  classified  iisijig  the  fcIlo’A'ing  ndc: 

22V  -  19V  <  =  4.0  [aj 

1.9  <  ((I9V  +  37V))/2.0  -  ((I9H  +  3  fI)/2.0)  <  4.0  [bj 

85V- 37V  >= -1.0  [d] 

85H  -  37H  <  4.5  [e] 

19V  >  262.0  Igl 

The  4  K  upper  thre:;hold  for  tlie  average  polarization  in  tiie  19.35  GHz  and  37.0  GHz 
channels,  though  slightly  lower  than  the  mean  plus  twice  the  standard  deviation  limit  for  that 
distribution  (approximately  4.2  K),  is  the  polarization  above  which  sensitivity  to  surface  moisture 
begins  to  occur  (see  Section  9.3). 


9. 1.3.3 


Soil  Rules 


Passive  microwave  emission  from  a  water  surface  is  highly  polarized,  with  an  emissivity 
of  about  0  4  for  the  19.35  GHz  horizonraily  polarized  channel.  The  emission  from  bare  soil  is 
.uso  polarized,  but  to  a  lesser  extent,  with  higher  emissivities  (typically  0.9  and  above  in  the 
horizontal  channels  for  a  dry  surface).  Tlie  influence  of  water  in  an  essentially  bare  soil  is  to 
depress  the  brightness  temperatuies  and  to  increase  the  polarization  difference.  If  vegetation 
is  present,  the  v^etative  scattering  decreases  the  polarization  difference.  Therefore,  the  soil 
rule.s  were  developed  to  classify  a  dynamic  combination  of  bare  soil,  water  in  or  on  the  soil 
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surface,  and  different  degrees  of  vegetation  cover,  'fhe  n.uund  vegetation  cover  varies  as  a 
function  oi  season  and  the  soi  water  content.  The  water  pre«5ent  on  the  soil  surface  varies  as 
a  function  of  the  rainfall  aid  tht  hydrologic  tcs(  wse.  Th  O'  i  effect  is  a  broad  range  of 
brightn  vss  temperatun.  ;  and  ,K>Iarizal  m  di;  i'enetuces  within  this  class.  These  ra.nge.s  are  a 
functit  1  also  of  frequenc''  di;  to  ic  variation  of  the  real  cotnpi  nent  t  ( thi  electric  constant 
with  frequency.  The  dielectric  constant  jf  '/atcr  s  higher  at  longer  wavelengths  (lower 
f«  quencies).  The  dt,>th  of  the  emitting  layer  is  also  greater  ,  the  It  nger  wavelengths. 

An  SSM/I  foe  print  with  .Secreasing  vegetation  cover  is  characteriz-.-d  by  average 
polarization  diffc  "ences  at  19  35  GHz  and  3^  GHz  angii  g  from  4  K  to  19  K,  with  polarization 
increasing  as  more  soili  "radiorntM  ic.,ily’  isiblc.  This  range  v  s  d  ividod  into  two  large  sub¬ 
groups.  The  arable  •  lil  classi^c  *aon  with  average  polarization  differences  from  4  K  to  9.8  K 
(using  19.35  and  37.0  GHz  channels)  and  i!;c  semi -arid  classification  with  average  lolarization 
differences  ranging  fro*n  9.8  to  19/'  K.  This  was  done  because  most  SSIvl/I  footprints  in  the 
latter  group  were  idcatiiied  fro  MLRA  regions  found  in  die  western  United  States  (Arizona, 
Nevada,  Utah,  and  Califoriiia)  in  v  hich  a  semi-arid,  desert  climate  is  predominant,  and 
vegetation  is  sparse. 


During  the  development  of  fhi  surface  moisture  .etrieval  algorithms  it  was  determined  that 
the  two  large  polarization  sub-g  oups  mentioned  above  needed  to  be  fiirtl.er  broken  down 
according  to  vegetation  density.  This  .<as  due  to  the  effect  of  vegetation  density  on  the 
sensitivity  to  surface  soil  moisture  and  the  need  for  different  retrieval  equations  according  to  this 
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9.1. 3.3.1  Dry  Arable  Soil 


The  average  19.35  and  37.0  GHz  brightness  temperature  polarization  differences  are 
shown  in  Figure  9,2  for  the  Cenh^al  Plains  of  the  T’  -d  States  under  the  arable  soil  heading. 
Statistics  are  shown  in  Table  9.5  for  the  summer  and  winter  season  separately.  Footprints 
influenced  by  rain,  snow,  water  or  dense  vegetation  co^  were  removed.  The  larger  imluence 
of  vegetation  d  jnng  the  summer  season  due  to  natural  vegetaric  ,  and  crop  cover  is  evident  by 
the  lower  mean  of  combination  [b].  During  the  winter,  the  soil  is  mostly  bare  which  lesuUs  in 
-v.gnificantly  larger  polarization  differences  in  the  19  GHz  and  37  GHz  channels  The  upper 
ind  lower  limits  contained  in  Table  9.5  for  both  seasons  were  •ised  to  define  the  range  of 
poiar  'ation  for  arable  soil.  Thus,  the  classification  rule  f  >r  dry  arable  soil  i^r 


22V  -  19V  <  =  4.0  [a] 

4.0  <  ((19V  +  37V)/2.0)  -  ((  9H  f  37H)/2.0)  <  -  9.?.  [b] 

37V  -  19V  >  =  -6.5  [c] 

-5.0  <  =  (85V  -  37V)  <  0.5  [dj 

85H  -  37H  <  4.2  [c] 


Conditions  fa]  and  [e]  check  for  fhv?ded  conditions  or  'aiv,c  water  Irodies  and  wiSi  be 
discussed  later.  Condition  [b]  classifies  the  .srea  in  terms  of  brightness  temperature  p<jlarization 
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differences,  condition  [c]  is  a  snow  flag  which  will  be  discussed  later,  and  condition  [d]  is  a  rain 
and  surface  moisture  flag  which  also  will  be  discussed  later. 


TABLE  9.5 

BRIGHTNESS  TEMPERATURE  COMBINATION  VALUES  FOR  THE 
CENTRAL  PLAINS  STATES  OF  THE  U.S.  CORRESPONDING  TO  THE 
ARABLE  SOIL  CLASSIFICATION 

Box  size:  NW  comer:  50°N  105“W  SE  comer:  32 “N  95‘’W 

,Jl.rM]MEk  SEASON 


Combination 

M^ui 

(K) 

SD 

(K) 

Lower 

Limit 

(K) 

Upper 

Limit 

(K) 

Calendar 

Date  and 

Node 

19V  -  22V 

[aj 

-1.90 

1.31 

-4.52 

0.72 

(m±mi  -  JQSIL+ITH) 
2  2 

[b] 

5.72 

1.25 

3.22 

8.22 

(1987) 

37V  -  19V 

t''j 

f\  i\  • 

-5A7 

-1/71 

211 A 

222A 

85V  -  37V 

[d] 

-1.17 

1.15 

-3.47 

1.13 

235A 

244A 

85H  -  37H 

[C] 

1.30 

1.61 

-1.92 

4.52 

253A 

WINTER  SEASON 

22V  -  19V 

[a] 

-1.47 

0.94 

-3.35 

0.41 

a9Y±lZY)  -  a9.H±17H) 
2  2 

[b] 

7.34 

1.27 

4.80 

9.88 

(1988) 

37V  -  19V 

[c] 

-4.06 

0.99 

-6  04 

oo 

o 

<4 

‘ 

55A 

85V  -  37V 

[d] 

-2.17 

1.25 

-A.ei 

0.33 

59A 

85H  ^  37H 

tel 

-0.87 

1.79 

-4.45 

2.71 
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9.1.3. 3.2 


Semi-Arid  Rule 


The  semi-aiid  classification  corresponds  to  areas  where  natural  vegetation  is  sparse  and 
of  a  desertic  type.  A  typical  example  of  this  type  o'  xdronment  is  MLRA  region  /f3Q  [2],  the 
Sonoran  Basin  and  Range.  Most  of  this  area  is  government  owned  and  consists  of  thin  stands 
of  desert  vegetation,  mostly  Bursage,  Joshua  tree,  juniper,  yijcca,  and  cactus.  Grasses  grow 
only  in  years  with  favorable  moisture  condliions.  TTie  histogram  of  the  brightness  temperature 
polarization  difference  distribution  is  shown  in  Figure  9.2.  Table  9.6  contains  the  statistics  for 
the  main  channel  combinations. 


Poiarization  Dependence  of  Different 
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Figure  9.2  Polarization  dependence  in  the  19.35  GHz  and  37.0  GHz  channels  to  different 
surface  types. 


Based  on  the  estimated  upper  and  lower  limits,  the  threshold  values  for  the  channel 
combinations  which  best  classify  semi-arid  conditions  are: 


22V  -  19V  <  =  4  [a] 

9.8  <  ((19V  +  37V)/2.0)  -  ((19H  +  37H)/2.0)  <  19.7  [bj 

85V  -  37V  <  0.5  [d] 

85H  -  37H  <  6.0  (ej 

37H-19H<-1.8  [j] 


TABLE  9.6 

STATISTICAL  ANALYSIS  RESULTS  FOR  SELECTED  BRIGHTNESS 
TEMPERATURE  COMBINATIONS  OVFJt  SEMI-ARID  AREAS.  MLRA 
REGION  #30,  BASED  ON  DATA  FROM  >9  ORBrrS 

Combination 

Mean 

(K) 

SD 

(K) 

Lower 

Limit’ 

(K) 

Upper 

Limit* 

(K) 

22V  -  19V 

[a] 

-2.08 

3.60 

-9.28 

5.12 

fl9V-f37V) 

-  (19K+37En  [b] 

13.61 

2.02 

9.57 

17.65 

2 

2 

37Y  -  19v^ 

tcl 

-8.00 

1.30 

-10.60 

-5.40 

85V  -  37V 

[d] 

-3.17 

2.18 

-7.53 

1.19 

85H  *  37H 

[e] 

2.03 

2.35 

-2.67 

6.73 

37H  -  19H 

m 

-4.04 

1.15 

-6.34 

•1.74 

‘Limits  are  2  standiird  deviations  fv 

n  the  ! 

fficin. 

Condition  [a]  is  the  check  for  large  water  bodies  and  flooded  conditions.  The  lower  limit 
for  the  polarization  difference  (combination  [b])  was  9.57  K  while  the  upper  limit  for  arable  soil 
(Table  9.5)  was  9.88  K  during  the  winter  season.  An  'itermcdiate  value  of  9.8  K  was  used  as 
the  dividing  threshold  betweeji  the  dry  arable  soil  and  5,.!nii-  '^id  classes.  Large  negative  values 
can  sometimes  be  observed  in  the  vertical  polarization  channel  differences  ot  combinations  [c] 
and  [d].  This  is  the  result  of  a  surface  scattering  phenomena  cau.sed  by  smooth  bare  soil  which 
could  be  confused  with  atmospheric  scattering  or  scattering  due  to  snow  cover.  'Hie  upper  limit 
of  combinations  [d]  and  [e]  are  the  tlircsholds  between  dry  and  moist  soil  and  will  be  discussed 
later.  Condition  [j]  is  also  a  moisture  flag  which  differentiates  dry  soil  surfaces  from  wet  snow 
surfaces. 

9. 1.3. 3. 3  Desert  Rule 

Deserts  are  characterized  by  very  large  brightness  temperature  polarization  differences 
in  all  channels.  The  distribution  histogram  of  average  polarization  differences  in  the  19.35  GHz 
and  37  GKz  channels  is  shown  in  Figure  9.2.  The  statistics  for  several  orliits  over  the  conbol 
area  aie  shown  in  Table  9.7.  Polarization  differences  in  the  19.35  GHz  channel  were,  in  some 
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cases,  above  40  K,  and  iis  Use  upper  30s  (K)  for  the  37.0  GFL?.  channel.  'Fhese  extreme 
polarization  differences  are  ca.ised  by  very  smooth,  sandy  sui  faces  in  the  Sahara  desert  and  the 
total  absence  of  /egetatioii  covet .  The  relatively  high  dielectric  constant  of  quartz,  the  dominant 
component  of  desert  sand,  undoi  otedly  contributes. 


TABLE  9.7  STATISTICS  FOR  SELECTED  BRIGH'INF^S  Tr^iPERATURE 

COMBF  NATIONS  0\T2R  THE  SAHARA  DESERT  COI  TROL  AREA 


Combination 

Mean 

(K) 

HD 

(K) 

Lower 

Limit' 

.K) 

Upper 

Limit' 

(K) 

Calendar 

Date  of 

Overpass 

22V  -  19V 

[a] 

-3.15 

1.14 

-5.43 

-0.87 

2  2 

[b] 

32.24 

3.46 

25.48 

39.32 

233A 

37V  -  19V 

[cl 

-8.49 

1.22 

-10.93 

-6.05 

328A 

85V  -  37V 

m 

-9.26 

2.24 

-13.74 

-4.78 

176D/178D 

224D/232D 

S5H  -  37H 

[e] 

5  77 

2.33 

1.11 

10.43 

233D 

‘Limits  are  2  standard  deviations  from  the  mean. 


The  classification  rule  is: 


22V  -  19V  <=  2.0  [a] 

((19V  +  37\0/2.0)  ~  ((19H  +  37H)/2.0)  >  =  19.7  [b] 

85H  37H  >  -1.0  [e] 

19V  >  268  [g] 


Condition  [b]  is  the  primaiy  discriminator  for  deserts  with  19.7  K  being  the  upper  limit 
for  the  scmi-desertic  regions  considering  three  standard  deviations  from  the  mean  (Table  9.6). 
Brightness  temperatures  in  the  vertical  polarization  channels  decreased  with  increasing 
frequency,  with  large  negative  values  occurring  for  combinations  [c]  and  [d]  ir  Table  9.7. 
i  ese  large  negative  values  could  be  confused  with  scattering  due  to  heavy  rain  or  snow  cover. 
For  this  reason,  combination  [e]  is  used  as  an  additional  check.  If  85H  -  37H  is  greater  than 
-1  K,  the  decrease  in  brightness  temperature  in  the  vertical  polarization  channels  is  due  to 
surface  phenornen  i  and  not  atmospheric  scattering.  Combination  [g]  also  ensures  a  snow  ree 
surface. 
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9. 1.3.4  Classification  of  Surface  Water  and  Soil  Moisture 

T  ie  short  wavelengths  cf  the  SSM/I  sensor  are  not  suited  for  soil  moisture  retrievals  due 
to  their  small  penetration  depth  in  soils  and  consequently  small  moisture  sensing  depth.  In 
addition,  there  is  a  considerable  loss  of  sensitivity  to  surface  moisture  due  to  vegetation  cover. 
However,  under  sparse  or  incomplete  vegetation  cover,  an  assessment  can  be  made  of  the 
quantity  of  water  retained  on  the  surface  after  a  heavy  rainfall  event  as  well  as  moisture  in  the 
immediate  soil  surface  layer  down  to  a  few  millimeters.  Ii  Section  9.3,  a  specific 
quantification  of  this  surface  moistuie  is  ccnduc-cd  using  an  Antecedent  Precipitation  Index 
(API)  as  1  surrogate  vaiiable. 

The  main  SSM/I  channels  used  for  surface  moisture  retrievals  are  thr  19.35  H  GHz  and 
tire  37.0  V  GHz  channels  in  the  form  of  a  normalized  brightness  temperarare  1  i9H/T37V. 
However,  the  85.5  GHz  channels  have  turned  out  to  be  excellent  for  identifying  the  presence 
of  water  bodies  within  the  SSM/I  footprints.  /  s  the  proportion  of  moist  soil  and  surface  water 
within  an  SSM/I  3  db  footprint  increases,  the  emissivity  of  the  surface  layer  decreases  resulting 
in  lower  brightness  temperatures.  Relative  changes  are  first  observed  between  the  85.5  GHz  and 
the  37.0  GHz  channels  in  both  polarizations;  the  T^’s  decrease  in  both  channels  but  to  a  greater 
extent  at  37.0  GR/  due  to  the  fact  that  both  the  permittivity  and  the  dielectri ;  loss  factor  of 
wate  ire  smaller  at  85.5  GHz  than  at  37.0  GHz  [4J.  it  is  important  to  note  that  these  relative 
changes  in  T^’s  between  the  two  channels  are  occurring  because  the  resolution  of  the  85.5  GHz 
channels  (approximately  14  km)  was  decreased  to  tint  of  the  37.0  GHz  channels  (approximately 
33  km)  as  a  result  of  the  averaging  scheme.  !n  this  way,  both  channels  were  sensing 
approximately  the  same  proportions  of  water,  soil  and  vegetation  in  the  concentric  footprint 

SeCu^. 

Moist  soil  surfaces  and  footprints  containing  h  rger  water  bodies  therefore  are 
differentiated  from  dry  surfaces  with  the  85.5  V  -  37.0  V  and  85.5  H  -  37.0  H  channel 
combinations.  Several  classification  rules  were  developed  to  identify  surface  moisture  and 
surface  water  bodies  (flooded  soil,  moist  soil  surface,  composite  water  and  soil  or  wet  soil 
surface,  composite  water  and  vegetation).  The  classification  of  footprints  containing  water 
bodies  such  as  reserN'oirs,  lakes  etc,  and  their  removal  from  the  parameter  retrieval  algorithm 
regression  data  sets,  decreases  the  introduced  noise  and  increases  the  retrieval  accuracy  of 
paramete.s  such  as  land  surface  temperature  over  soil  and  vegetation,  assuming  the  same 
classification  scheme  is  used  opeiationally.  This  is  because  the  brightness  temperature  of  a 
footprint  containing  a  water  body  would  not  be  lower  due  to  the  lower  physical  temperature  of 
the  soil  or  vegetation  but  as  a  result  of  the  contamination  by  a  surface  with  completely  different 
microwave  emission  properties. 

9. 1.3.4. 1  Moist  Soil  Surface 

Moist  soil  surfaces  are  differentiated  from  dry  arable  soils  usi.ig  a  threshold  value  of  0.5 
K  for  combination  [dj.  This  value  was  approximately  the  upper  limit  for  tins  combination  under 
dry  arable  soil  conditions  (Ta'ile  9.5).  In  order  to  differentiate  moist  soil  surlaces  from  very 
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wet  soil  surfaces  or  footprints  containing  larger  water  bodies,  an  upper  threshold  value  of  4.0 
K  is  used  for  combination  [dl  \nd  4.2  K  for  combination  [e],  35H  -  37H.  The  rule  is: 


22V  -  19V  < 4.0  [a] 

4.0  <  ((19V  +  37V)/2.0)  -  ((19H  +  37H)/2.0)  <  19.7  [b] 

37V  -  19V  >  =  -6.5  »c] 

0.5  <  =  (85V  -  37V)  <  4.0  [d] 

85H  -  37H  <  4.2  [e] 


wheiv  con^hination  [c]  is  a  snow  identifier. 

The  moi.st  soil  surface  rule  was  tested  along  with  other  moisture  sensing  rules  by 
stratifying  0.25  degrees  iatitude/longitude  grid  cells  according  to  APlijs  (based  on  available  water 
for  evaporation  of  15  mm;  values  between  0  and  10  mm  and  greater  than  10  mm  as  well  as  the 
number  of  days  since  the  las!  precipitation  event  in  each  of  those  classes.  These  variables  arc 
defined  and  explained  in  the  methodology  of  Section  9.3  of  this  rqport.  Table  9.8  summarizes 
the  results. 

As  expected,  9C.5  %  of  the  dry  soil  classificatioa.n  (DS)  had  APIu  values  of  less  tlian  10 
mm  in  those  grid  cells  with  an  average  of  2.7  mm.  On  the  other  band  9.5  %  of  the  dry  soil 
classifications  had  APIjs  values  greater  thaii  10  mm  with  an  average  value  of  16.8  mni.  Most 
of  these  cases  were  probably  due  to  localized  precipitation  events  that  did  not  entirely  wet  the 
soil  surface  of  tl’.e  laige  SSM/I  foetprin? 

Moist  soil  surface  classifi  ations  (MS)  occurred  for  API,,  values  less  than  10  mm,  83  % 
of  the  time  with  an  average  Vc  ue  of  3.2  mni.  Tlie  remaining  17  %  of  the  values  above  10  mir, 
had  an  average  AH,,  vale  *.  of  16.4  mm. 

Tliese  results  are  simiiar  to  the  dry  soil  classification  rule,  indicating  that  spatial 
distribution  of  moisture  is  obviously  a  factor.  In  addition,  this  rule  will  also  sometimes  cl^sify 
footprints  which  contain  small  bodies  of  water  such  as  small  lakes  and  reservoirs  as  moist  soil. 

9. 1.3. 4. 2  t  umposite  Soil  and  Water  or  Wet  Soil 

The  development  of  this  rule  becarr.e  necessary  to  iuentify  footprints  with  locally  flooded 
soil,  lakes,  large  riv.irs,  and  other  surface  waters.  The.se  land  footprints  with  water  as  a 
component  of  the  land  surface  would  have  a  •assive  microwave  si  ^nature  that  is  a  combination 
of  land  and  water.  Because  water  has  an  ch  lower  emissivity  and  a  much  higher  polarization 
difference  than  Jther  land  surfaces,  tlie  rcM^iting  brightness  temperatures  would  be  very  difficult 
to  interpret  in  terms  of  physical  surface  temperature.  This  rule  was  developed  to  exclude 
footprints  with  a  wat^’r  component  in  •.  signature  from  the  calibration/validation  regression 
database,  thus  increasii  ’  the  accuracy  oi  the  algorithms. 
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cvcral  dozen  cases  were  examinee!  over  the  course  of  our  calibraiion/validation  effort. 
f’ofuparist)ns  wer'  conducted  between  brightnes.s  temperatures  from  footprints  on  the  border  of 
large  lakes  or  which  contained  small  water  bodies,  with  non-contaminated  surroundin® 
footprints.  Surface  physical  ten'^'eratures  were  compared  as  well  when  available.  Possiblc 
SSM/1  footprint  geolocation  errors  were  also  taken  into  consideration  in  this  analysis.  Both 
85.5  GHz  channels  were  sensitive  to  the  presence  of  water  in  the  footprint,  especially  the  85.5 
H  channel.  The  85.5  H  -  37.0  H  Tg  difference  is  a  smaM  positive  ir  negative  number  for  a 
mixed  soil  and  vegetation  scene  (Tables  9.3,  9.4  and  9.5).  With  a  ce.tain  proportion  of  water, 
the  emissivity  is  lowered  in  both  channels,  but  to  a  greater  extent  at  37.0  H  GHz  due  to  the 
higher  dielectric  constant  of  water  at  37.0  GHz.  \  threshold  value  of  4.2  K  was  determined  for 
this  cnannel  c.' mbination.  Over  deserts,  valui  .  greater  than  4.2  K  have  been  commonly 
observed  (Table  9.7).  Therefore  the  85.5  V  -  37.0  V  combination  is  checked  as  well  to  prevent 
misclassification,- 


22V- 

I9V 

<  —  4.0 

[a] 

6.4  < 

=  (19V  +  3TV:'2.Q  -  (19H  +  37H)./2.0 

[b] 

37V- 

19  V 

>  -  -6.5 

[c] 

85V  - 

37V 

>=  0.5 

[d] 

85H 

37H 

>  4.2 

[e] 

Combination  [a]  is  the  check  for  Hooded  surfaces.  Condition  [b]  identities  large 
polarization  differences  due  to  water  in  the  3  di  footprint.  To  differentiate  between  large 
polarization  differences  due  to  water  and  those  associated  with  barren  deserts,  condition  fdl  is 

s^nniifvi 

—x  r  • 

Footprints  classified  by  this  rule,  were  tested  against  ground  truth  API, 5  values  gridded 
at  0.25  degree  latitudiViongitude  cells  for  the  central  plains  area  of  the  U.S.  during  1987.  Fifty 
orbits  w'ere  included  in  the  analysis.  The  results  are  also  shown  in  Table  9.8.  and  indicate  that 
footprints  with  high  API,,  values  are  also  classified  by  this  rule.  The  results  were  more  evenly 
distributed  with  58  %  of  the  grid  cells  havLng  API,,  values  less  than  10  mm  (average  of  4.0  mm) 
and  42  %  having  values  greater  than  10  mm  (average  of  21.3  mm).  It  is  prol  able  that  most  of 
the  grid  cells  with  moisture  values  less  than  10  mm  were  a  result  of  contamination  by  water 
bodies  while  for  API,,  values  greater  than  10  mm,  most  of  the  classifications  resulted  from  a 
wet  soil  surface. 

Footprints  with  a  wet  soil  surface  have  a  similar  microwave  signature  to  dry  soil 
footprints  contauninated  1  y  laige  water  bodies.  This  presents  a  problem  for  tlie  use  of  the 
surface  moisture  retrieval  algorithms  which  should  be  a  rpli*" '  to  retrieve  moisture  when  the 
API],  is  high  but  not  to  the  latter  case.  The  solutit  n  is  to  maintain  previous  surface 
classifications  over  a  geographic  location  in  a  dynamic  database  and  use  additional  logic  to 
differentiate  between  tliese  ca.ses.  In  Section  9.3  of  this  report,  a  dynamic  database  scheme  is 
proposetl  to  work  in  conjunction  with  the  surface  moistui-e  classification  ones  above. 


TABL12  9.8  STRATIFICATION  OF  CLASSIFIFD  0.25  DEGRFF.  GRID  CFXUS 

ACCORDING  TO  SURFACP  MOIS  HIRF  VA!  UPS  (API,,)  AND  NUMBIIR 
OF  DAYS  SINCE  L/\ST  PRIXIPITATION  EVENT 


Classification 

Rule 


API,s  <  10  11.  API, 5  >  iO  mm 

Number  of  cjy  ..ce  !i;.vt  pn-jipitation  event 


1 

2 

3 

4 

5 

^5 

1 

2 

3 

4 

5 

>5 

DS  V. 

251 

248 

313 

392 

297 

86f: 

68 

82 

55 

32 

11 

2 

API.s: 

4.1 

4.2 

4.0 

3.3 

2.7 

l.l 

18.1 

18.8 

15.0 

13.f 

12.4 

11 

MS  NO: 

287 

313 

367 

373 

302 

997 

138 

'  M 

115 

77 

45 

20 

API.,: 

4.7 

4.6 

4.5 

4.4 

3.5 

1.2 

18.6 

«  1 

16.1 

14.8 

13.4 

17.6 

WS  NO. 

462 

342 

317 

286 

180 

625 

707 

429 

266 

130 

38 

14 

API,,: 

5.4 

5.3 

5.1 

4.4 

4.1 

i.4 

24 

20.6 

18 

17.2 

17.3 

16  6 

WV  NO: 

-549 

430 

403 

299 

271 

1328 

703 

376 

236 

128 

36 

18 

API,,: 

5.3 

5.3 

4.6 

4.1 

3.7 

1.1 

25.1 

?:>.3 

J9.5 

19.6 

19.3 

22.2 

DS  =  Dry  Arabic  Soil 
MS  —  Moist  Soil  Surface 

WS  —  Wet  Soil  Surface  or  composite  soil  and  water 

V  V  =  Vegetation  wim  wet  soil  background  or  composite  vegetation  and  water 
MO:  Number  of  occurences 


9. 1. 3.4.3  Composite  Dense  Vegetation  and  Water 

This  rule  classifies  footprints  with  mixed  dense  vegetation  and  wcier.  It  is  sinilhu  to  liie 
composite  soil  and  water  rule,  but  with  different  threshold  values.  Dense  vegetation  has  a  stro.^g 
un ,  olarized  signature  with  usually  warm  brightness  temperatures.  On  the  other  hand,  water  has 
a  low  emissivit3'^,  thus  colder  brightness  temperatures,  and  a  highly  pr»l?rized  signature. 
Depending  on  the  proportions  of  water  and  vegetation  as  well  as  the  density  of  the  vegetation, 
the  average  pobrization  in  the  19.35  GHz  anu  37.0  GHz  channels  (combination  [b])  will  vary. 
By  observing  numerous  cases  the  upper  threshold  value  of  6.4  K  was  determined,  blowing  for 
greater  polarizations  induced  by  water  in  the  footprint  scenes  The  rule  is: 


22V  -  19V  <  =  4.0  [a] 

((19V  +  37V)/2.0)  -  ((19H  +  37H)/2.0)  <  6.4  [b] 

85V-37V>--I0  [d] 

85H  -  37H  >  =  4.5  [e] 

37V  >  257  [h] 


r  rvi 


The  threshold  value  for  combination  [c]  was  bas^  J  on  observations  of  v  gctalion/rivcr 
footprints  in  the  Amazon  jungle  and  is  appnoximatcly  the  upper  limit  obtained  for  tfiis 
conthination  over  the  dense  vegetation  contiol  areas  (Table  9.3).  Combination  [d]  is  the 
precipitation  flag  and  condition  fb]  is  a  snow  Hag. 

This  rule  was  als  ^  tested  along  with  the  other  moisture  sensing  rules  in  Table  9.8. 
Results  indicate  that  69  %  of  the  grid  cells  were  classified  as  such,  having  an  API',,  value  of  less 
than  10  mm  (average  3.3  mm).  The  remaining  31  %  of  the  grid  cells  resulted  in  an  average 
API,,  value  of  22  9  mm,  indicating  that  the  rule  is  also  sensing  vegetation  with  a  wet  soil 
background. 

9.1.3.4  4  Flooded  Soil 

Large  amounts  of  water  on  the  soil  surface  due  to  a  heavy  precipitation  event,  flooding 
due  to  heavy  rain  or  melting  snow  or  the  presence  of  large  natural  lakes  and  reservoirs,  will 
iower  the  brightness  temperatures  at  all  frequencies  due  to  the  high  permittivity  of  water. 
Brightness  temperatures  at  22.235  V  ClHz  will  be  greater  than  at  19.35  V  GHz  because  the 
microwave  emissivity  of  water  increases  with  frequency  and  both  channels  have  ^proximatdy 
the  same  3  db  footprint  size.  In  addition,  the  22.235  GHz  channel  is  sensitive  to  water  vapor. 
A  threshold  value  of  4  K  was  determined  for  the  difference  between  the  22.235  V  Gf  £  and  the 
19.35  V  GHz  brightness  temperatures  based  on  observations  of  large  lakes  and  reservoirs  and 
areas  flooded  by  large  precipitation  events.  This  condition  [a]  is  checked  within  all  classification 
rules.  If  the  surface  is  classified  as  flooded,  no  parameter  retiieval  algorithms  are  applied. 

9. 1.3.5  Classification  of  Precipitation  1  vents 
9. 1 .3.5. 1  Rain  Over  Vegetation  Rule 

Precipitating  or  convective  type  clouds  within  an  SSM/I  footprint  over  vegetation  will 
have  a  drastic  effect  on  the  85.5  GHz  brightness  temperatures.  Clouds  containing  large  water 
dioolets  and/or  ice  will  scatter  radiation  at  smaller  wavelengths  resulting  in  lower  brightness 
temperatures  at  85,5  GHz  than  at  the  smaller  frequency  (longer  wavelength)  channels.  This  is 
especially  true  over  warm,  dense  tropical  vegetation. 

Numerous  storms  were  identified  through  SSM/I  data  and  confirmed  by  visual  analysis 
of  GOES  imagery  and/or  by  checking  h'OAA  precipitation  charts  over  the  United  States.  The 
microwave  signature  of  a  large  thunderstorm  over  the  Amazon  jungle  is  shown  in  Table  9.9. 
The  brightness  tempeiature  combination  data  for  clear  conditions  on  calendar  days  180  and  231 
were  similai-  to  the  expected  microw  ve  signature  over  dense  vegetation  shown  in  Table  9.3. 
The  polarization  difference  (combini^  ion  [b])  was  higher  because  footprints  which  had  other 
classifications,  i.e  fotitprints  containing  surface  water,  but  which  fell  within  the  selected  area, 
Were  included. 
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TABLE  ^^.9  EFFECT  OF  LARGE  PRFX:iPITATING  STORM  CLOUDS  OVER  DENSE 
VriCiETATION  ON  SELECTED  BRIGHTNESS  TEMPERATURE 
COMBINATIONS 


Amazon  Jungle,  South  America.  Box  boundaries: 

NW  comer:  6.5°S  59"W  SW  comer:  8"S  57°W 


CD180  Asc. 

CD222  Asc. 

CD231 

Asc. 

Combination 

Mean 

SD 

Mean 

SD 

Mean 

)D 

(K) 

(K) 

(K) 

(K) 

(K) 

K) 

OSYjjm  -  a2H±32H)  lb] 

2  2 

1.17 

1.02 

1.26 

0.87 

1.46 

0.96 

37V  - 

19V 

[c] 

-3.71 

0.69 

-8.70 

5.81 

-3.93 

0.76 

85V 

37V 

[rfj 

5.82 

1.17 

-15.39 

18.40 

3.87 

1.02 

- 

^  iAl 

r<..i 

^  nn 

1 

l*UO 

m 

i  J 

*  y'rx 

«  i*  y 

1,^0 

With  the  presence  of  storm  clouds  on  day  222,  the  temperatures  in  the  85.5  GHz 
channels  were  depressed  below  the  brightness  temperatutes  in  the  37.0  GHz  channel.  The 
hydrometeors  were  also  sufficient  in  size  and  quantity  to  scatter  microwave  radiation  at  the 
longer  wavelengths  of  the  37.0  GHz  channels,  as  indicated  by  tlie  decrease  in  the  mean  value 
of  the  37.0  V  GHz  -  19.35  V  GHz  brightness  temperature  difference  (combination  [c]).  TI)e 
non-uniform  nature  of  the  precipitation  within  the  selected  area  can  be  seen  by  the  very  large 
increase  in  the  standard  deviation  for  combinations  [c],  [d]  and  [e].  This  can  be  visualized  in 
Figure  9.3  where  the  85.5  V  GHz  -  37.0  V  GHz  distribution  histogram  is  plotted  for  the  selected 
area,  for  the  overpasses  with  and  without  precipitation.  For  vegetated  surfaces,  a  threshold 
value  of  -1  K  was  determined  for  combination  [d]  as  a  precipitation  flag.  This  value  is 
approximately  2.5  standard  deviations  from  the  mean  value  over  dense  vegetation  areas  with 
no  precipitation  sliown  in  Tables  9.3  and  9.4.  'fhe  rule  is 


22V  -  19V  <  =  4.0  [a] 

((19V  +  37V)/2.0)  -  ((19H  +  .37H)/2.0)  <  -  4.0  [bl 

85  V  -  3'A/  <  -1.0  [di 

19V  >  268.0  [gl 


Dense  Vegetation  -  Amazon  Jungle 
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Figure  9.3  Effect  of  heavy  precipitation  on  the  85V  -  37V  brightness  temperature 
difference  over  dense  vegetation. 


9. 1.3.5. 2 


Rain  Over  Soil  Rule 


The  detection  of  precipitation  over  soil  is  similar  to  the  (ietection  of  precipitation  over 
vegetation.  S.-atfering  by  hydrometeors  in  the  atmosphere  decreases  the  brightness  temperatures 
in  the  85.5  GHz  channels  more  than  in  the  other  SSM/I  frequencies.  However,  the  background 
microwave  emission  by  soM  is  polarized  and  the  relative  brightness  temperature  differences 
among  frequencies  are  different.  Several  storms  were  identified  using  SSM/I  data  over  the 
United  State.s  test  regions.  The  storms  were  checked  against  National  Weather  Service  radar 
I'larts,  when  available,  to  confirm  the  locations  of  thunderstorm  cells  and  occurrence  of 
precipitation.  An  example  is  showm  in  Table  9.10  for  a  squall  line  occurring  over  Oklahoma 
and  Texas  on  Day  228,  1987.  Combination  values  for  Day  227  are  typical  average  signatures 
for  pooled  footprints  containing  mostly  dense  rangeland  and  agricultural  vegetation  and  dry 
amide  soil  classifications  (Tables  9.4  and  9.5).  Tbe  thunderstorm  acti^  ?y  on  Day  228  resulted 


r 

r 

If)  considerable  scattering  in  the  85.5  GHz  ctianncis  (combinations  (dj  and  (e])  and  some 
scattering  in  the  37.0  (JHz  channel  (combination  [e]). 

n 

Threshold  values  for  flagging  precipitation  with  combinations  [c],  [d|  and  [e]  were  c 

determined  based  on  the  lower  limits  for  these  combinaticii.s  after  pooling  the  data  shown  in 
Table  9.5  (dry  arable  soil)  and  the  sttdy  of  numerous  confirmed  precipitation  cells  over  the 
central  plains  of  the  U.S..  The  rule  is: 


22V  -  19V  <=  4  0  [al 

((19V+  37V)/2.0)  ((19H  +  37H)/2.0)  >  4.0  [bj 

37V  -  19V  <  -3.0  Id 

85V  -  37V  <  -5.0  [d] 

85H-37H<4.1  (cj 

19V  >  268.0  [g] 


Combination  [g]  is  a  snow  flag,  to  differentiate  the  signatuic  caused  by  hydrometeois, 
from  scattering  caused  by  snow  which  also  depresses  the  brightness  tentperatures  of  the  shorter 
wavelength  (higher  frequency)  SSM/f  channeJs 

T^Ur9.T0  EFFECT  OF  A  SQUALL  ON  BRIGHTNESS  TEMPERATU^ 

COMBINATION  VALUES  OVER  MOSIXY  ARABLE  SOB.  FOOTPRINTS  IN 


THE  CENTRAL  PLAINS  OF  THF  UN1TEI>>  STATES 

\^c<urai  iiiaiiiS  Ot  uiiiu;:)U  rtiiakcat. 

NW  corner:  37‘’N  102‘’W 

Ammixiinair  box  size: 

SE*  comer:  32‘’N  95‘’W 

Combination 

JD228  Desc 

With  Precipitation 

Mean  SD 

(K1  (K) 

CD227  Desc. 

No  Precipitation 
Mean  SD 
(K)  (K) 

(I9V  +  37V)  • 

(19114  37H)  lb] 

6.28 

2.05 

5.45 

1.43 

T 

2 

37V  -  19V 

Ic] 

-9.39 

4.74 

-3.92 

0.99 

85V  37V 

fdj 

21.71 

13.69 

0  70 

0.99 

85H  -  37H 

fe] 

21.06 

15.03 

2  49 

0.86 

0  23 


9.1. 3.6 


Classification  of  Snow  Covered  Suifaces 


Microwave  emissions  from  snow  covered  sus  faces  depend  on  several  factors.  These 
include:  (1)  the  underlying  surface  type,  (2)  the  moisture  content  of  the  underlying  soil  and  if 
the  water  is  frozen  or  in  liquid  form,  (3)  the  depth  of  the  snowpack,  (4)  the  density  of  the 
snowpack,  (5)  the  shape  and  size  of  tlse  snow  crystals  and,  (6)  the  liquid  water  content  of  the 
snowpack.  Thus,  the  classification  of  snow  is  complicated  as  the  microwave  signature  from  a 
snowpack  witli  constant  depth  can  vary  with  snow  morphology,  snow  ripeness  and  cycles  of 
melting  and  re-freezing  under  spring  weather  conditions.  TTierefore,  the  interpretation  of 
microwave  signatures  from  a  snow  covered  surface  at  any  point  in  time  w'ould  benefit  from  the 
history  of  previous  weather  and  snowpack  conditions. 

The  characterization  of  snow  signatures  and  their  relationships  with  parameters  such  as 
snow  wetness,  snow  depth  and  water  equivalent  has  been  studied  by  many  authors  such  as  [5], 
[6],  and  [7].  Other  research  concerning  snow  microwave  properties  has  also  been  described  by 
[41. 


Specific  research  on  snow  classification  has  been  done  by  Kunzi  et  al.  [8]  in  the 
development  of  snow  extent,  snow  depth  and  water  equivalent  algorithms  for  SSMR.  Schanda 
et  al.  (9]  projiosed  a  snow  classification  scheme  based  on  several  years  of  observations  which 
included  classes  such  as  winter  snow,  wet  spring  snow  and  dry,  refrozen  spring  snow. 
McFarland  et  al.  [10]  investigated  snowpack  propeities  using  SMMR  brightness  temperatures 
and  were  able  to  detect  dry  snow  accumulation,  and  snow  melting  and  refreezing  processes. 

9. 1.3.6. 1  Dry  Snow 

The  normal  dry  snow  microwave  signature  is  the  depression  of  brightness  temperatures 
in  the  37.0  GHz  channels  with  respect  to  the  19.35  GHz  channels  due  to  volume  scattering.  At 
37.0  GHz,  scattering  is  the  main  component  of  the  total  extinction  loss  of  the  medium  [4]. 

Channel  combination  data  for  footprints  containing  dry  snow  over  the  northern  plains  of 
the  U.S.  during  a  few  days  in  February,  1988  are  sh»^wn  in  Table  9.11.  The  ground  truth  snow 
depth  values  were  obtained  from  the  NOAA  cooperative  network  of  weather  stations  in  the 
central  plains  states  of  the  U.S.  Average  daily  snow'  depth  values  and  corresp-mding  SSM/I 
brightness  temperature  data  were  gridded  to  0.25  degree  latitude/longitude  cells  for  analysis. 
The  developed  rule  for  dry  snow  can  be  written  as: 


22V  -  19V  <  -  4  0  [a] 

((19V  4  37V)/2.0)  -  ((19H  4-  37H)/2.0  >  4.0  [b] 

37V  -  19V  <  -6.5  [c] 

19V  -  19H  >  =  5.0  [i] 

225  <  37V  <  =  257.0  [h] 
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Conditions  [cj,  [i]  and  fh],  together  differentiate  snow  from  cold  bare  st)il  situations  as 
well  as  large  precipitating  Utunderstorm  clouds.  The  threshold  for  combination  [c]  is 
approximately  the  lower  limit  for  this  brightness  temperature  difference  over  dry  arable  soil  with 
no  snow.  When  snow  is  present,  brightness  temperatures  in  the  19.3.5  GHz  channels  also 
decrease,  partly  due  to  scattering  and  partly  due  to  the  decreased  physical  ijmperature  of  the 
snow  and  underlying  soil. 

Results  in  Table  9. 1 1  also  show  the  greater  variability  in  brightness  temperatures 
(reflected  by  the  larger  standard  deviations)  caused  by  the  spatial  distribution  of  snow  at  different 
dqjths. 


TABLE  9.11  SELECTED  BRIGHTNESS  TEMPERATURE  COMBINATIONS  OVER  DRY 
SNOW  IN  THE  CENTRA!.  PLAINS  OF  THE  UNITED  STATES 


Approximate  box  size; 

comer;  49‘’N  105°W  SE  comer:  45‘'N  100“W 


Combination 

SNOW 

NO  SNOW 

Calendar 

Mean 

SD 

Mean 

SD 

Date  of 

(K) 

(K) 

(K) 

(K) 

Overpass 

22V  -  19V 

rai 

-2.62 

~1T()4 

•0.95 

’.06 

(m:±2m  -  mH±izm 

[b] 

12.02 

2.33 

10.09 

1.41 

51A 

2  2 

."^A 

37V  -  19V 

[c] 

-11.55 

4.10 

-2.24 

85V  -  37V 

[d] 

-8.36 

5.92 

-0.86 

1.34 

55D 

(1988) 

85H  -  37H 

[e] 

-4.48 

5.72 

1.42 

1.37 

9. 1.3. 6.2  Wet  Snow  and  Refrozen  Snow 

The  (.  issification  of  wet  snow  or  melted  snow  containing  water  in  liquid  form  as  w  11 
as  refrozen  .siiowpacks  requires  the  use  of  me  dynamic  database  scheme,  as  their  microwave 
signature  could  be  confused  with  other  surfaces.  A.  small  amount  of  liquid  water  (volumetric 
water  content  of  0.01)  will  increase  the  volume  absorption  coefficient  of  the  medium  to  a  value 
greater  than  tlie  :<  altering  coefficient,  thus  reducing  the  scattering  albedo  to  a  very  small  va^ue 
[4].  For  higher  volumetric  water  contents,  scattering  is  practically  non-existent  and  the 
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snoH'pack  begins  to  behave  like  a  blackbody  radiator.  Such  conditions  are  normally  encountered 
in  the  spring,  when  the  snowpack  undergoes  successive  cycles  of  thawing  and  refreezing. 
During  the  day,  when  temperatures  are  above  the  freezing  point,  the  top  layers  of  the  snowpack 
will  partially  melt,  increasing  the  volumetric  water  content  of  the  snow.  As  a  result,  the 
microwave  brightness  temperatures  at  37.0  H  GHz  will  increase  with  respect  to  the  at 
H  Gifz.  This  is  shown  in  Figure  9.4  for  a  10  day  sequence  of  SSM/I  ^ta  over  north-central 
Nebraska  during  February.  1988,  The  last  snowfall  over  that  region  occurred  on  Day  50-51 
with  50  to  75  mm  of  new  snow  being  reported  by  the  weather  stations  in  the  area.  Average 
snow  depths  changed  throughout  the  period  from  254  mm  on  day  51,  to  55  mm  on  day  59 
(Figure  9.5).  Maximum  and  ninimum  air  tempe.^tures  are  ^so  shown  in  Figure  9.4, 
corresponding  to  descf'nding  and  ascending  overpasses  respectively.  The  first  available  SSM/I 
data  after  the  snow!  ail  is  for  the  ascenaing  overpass  on  day  51.  The  difference  of 
approximately  20  K  between  the  19.35  H  and  37.0  H  GHz  channels  as  well  as  the  low 
brightness  temperatures  in  botli  channels  are  an  indication  of  dry  snow  and  were  classified  as 
such  with  the  dry  snow  rule.  The  signature  for  the  ascending  overpass  on  day  53  is  similar  to 
that  of  day  51  with  slightly  cooler  temperatures.  On  both  days,  the  minimum  air  temperature, 
which  probably  occurred  a  few  hours  prior  to  the  overpass,  was  below  the  fi  jczing  point. 


The  descending  overpass  on  day  53,  showed  a  marked  increase  in  the  37.0  H  GHz 
brightness  temperature  to  within  1  K  of  the  19.35  H  GHz  channel  as  a  result  of  a  wet  snow 
surface  layer.  Thawing  at  the  snow  surface  occurred  during  the  day  due  to  warm  air 
temperatures  (the  maximum  air  temperature  was  7®  C).  Data  from  the  ascending  overpass  on 
day  55  shows  a  drastic  decrease  in  brightness  temperatures  in  both  horizonta’iy  polarized 
channels  The  minifn"m  temperature  reached  approximately  -14 


sufriciciu  in  rc-%?eze  any 


liquid  water  in  the  snowpack.  The  thawing  and  refireezing  proa  increases  the  size  and 
changes  the  shape  of  the  ice  crystals,  which  tend  to  become  spherical  as  the  snowpack  ripens 
and  undergoes  several  of  these  cycles.  The  increase  in  particle  size  will  increase  the  scattering 
albedo  and  decrease  the  polarization  dependence  causing  additional  scattering  at  longer 
wavelengths  and  lowering  the  T^’s. 


Figure  9.6  shows  brightness  temperatures  in  the  horizontal  and  vertical  polarizations  for 
the  19.35  and  37,0  GHz  charmels  for  the  same  period.  Brightness  temperatures  for  the 
ascending  overpass  on  day  55  were  lower  than  those  of  day  53  for  both  frequencies  and 
polarizations  while  the  polarization  difference  was  smaller,  indicating  a  refrozen  snow  surface 
layer.  Subsequent  overpasses  beginning  with  the  descending  overpass  on  day  56  indicate  a  cycle 
of  thawing  during  the  day  with  re-freezing  overnight.  During  this  period,  the  variability  in  tlie 
19.35  H  -  37.0  H  GHz  T#  difference  for  the  descending  over^  as.vcs  was  probably  due  to 
different  volumetric  water  content  in  the  snowpack.  In  addition,  the  snow  depth  continuously 
decreased  throughout  the  period  (Figure  9.5),  with  the  snowpack  depth  on  day  59  being  less  than 
half  its  depth  on  day  53. 


The.se  variable  micrc  wave  snow  signatures  are  difficult  accurately  interpret  with  stand 
alone  independent  rules.  A  dynamic  database  scheme  should  be  implemented,  if  accuracy  is 
desired,  in  order  to  differentiate  di y  sno\ '  from  re-frozen  snow  ar.d  wet  snow  signatures  as  the 
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Dry  Snow— Wet  Snow— Refrozen  Snow  Cycle 
Nebraska  (Lat:42.5N  Long:99.0W) 
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Figure  9.4  Variation  in  horizontally  polarized  brightness  temperatures  in  the  19.35  GHz 
and  37.0  GHz  channels  throughout  a  ten  day  period  in  Fdjruary,  1988. 


Snow  Depth  Variation 

Nebraska  (lat-42.5N  lonffOO.OW) 


figure  9.5  Snow  depth  changes  o  ’,r  a  ten  day  period  in  Fdiruary  1988,  for  a  region  u« 
central  Nebraska. 
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Dry  Snow- Wet  Snow-Refrozen  Snow  Cycle 

Nebraska  (Lat:42.5N  Long;99.0W) 
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throughout  a  ten  day  period  in  February  1988. 


snow  depth  retrieval  algorithm  should  only  apply  to  dry  snow  conditions.  A  dynamic  database 
scheme  would  check  for  the  accumulation  of  snow  during  the  winter  period  as  well  as  the  onset 
of  the  thawing  and  re-frcczing  processes,  and  allow  for  the  consideration  of  the  previous  history 
of  the  snowpack  in  the  classification  logic. 

The  following  additior.al  snow  classifioatio  i  rules  attempt  to  class!  ly  some  of  the 
changing  snowpack  conditions  without  the  use  of  a  dynamic  database.  It  must  be  noted  that  due 
to  the  variability  in  snow  microwave  signatures,  the  rules  are  not  perfectly  accurate.  Footprints 
which  contain  a  mixture  of  snow  with  different  degrees  of  liquid  water  content,  wet  sod  and 
vegetation  result  in  complex  microwave  signatures  that  cannot  be  interpreted  by  stand  alone 
rules,  requiring  the  knowledge  of  previous  history  for  accurate  classifications. 

Based  on  the  analysi.s  of  several  time  series  of  SSM/I  data  along  with  snow  cover  ground 
truth  data  as  shown  in  Figures  9.4,  9.5  and  9.6,  the  wet  snow  nile  can  be  written  as: 


22V  -  ■ 

')V  <  = 

=  4.0 

la] 

((19V 

37V)/2.0)  -  ((19H  +  37H)/2.0)  >9.8 

n>3 

-6.5  < 

=  37V 

-  19V  <  -  -0.8 

[cl 

85V  -  37V  <  1 

0.5 

[d] 

-1.8  < 

=  37H 

-  19H  <  =  6.5 

01 

253  < 

37V  < 

=  268 

[hi 

where  condition  [b]  ensures  that  a  high  polarization  exists  due  to  the  presoice  of  liquid  water, 
condition  [c]  sets  the  range  of  scattering  in  the  37V  caused  by  snow  or  a  snow/soil  mixture.  It 
differentiates  the  wet  snow  pack  from  cold  semi-arid  surfaces.  Condition  [d]  is  the  flag  used 
to  differentiate  between  dry  and  moist  soil,  condition  [j]  identifies  the  liquid  water  in  the 
snowpack  and  condition  [h]  allows  a  range  of  brightness  temperatures  within  which  wet 
snowpacks  usually  occi^r,  based  on  observations  of  SSM/I  data.  The  rule  is  complex  as  a  result 
of  the  complexity  of  the  sur&ice  being  classified.  Cold  semi-arid  surfaces  with  moisture  in  the 
top  layer,  could  be  confused  with  wet  snowpacks.  Also,  frozen  ground  signatures  can  add  to 
the  misclassifications. 

Re-frozen  snowpacks  have  a  distinct  signature  from  dry  and  wet  snow.  Brightness 
temperatures  decrease  with  incrrasing  frequency  in  both  polarization  channels,  and  additional 
scattering  at  37.0  GHz  and  85.5  GHz  results  in  very  low  brightness  temperarores.  Thus: 


22V  -  19V  <  =  4.0 

[a] 

((19V  +  37V)/2.0)  -  ((19H  +  37H)/2.0)  >  4 

[b] 

37V  -  19V  <  -6.5 

[cl 

ITl/  _  me 

I'U 

19V  <  37V  <  85V 
19H  <  37H  <  85H 


9.1. 3.6.3  Snow  Over  Lake  Ice  and  Composite  Snow  Over  SoD  and  Ijdcc  Ice 

Some  additional  interesting  microwave  signatures  involving  snow  include  snow  over  ice 
in  freshwater  lakes  during  the  winter  and  footprints  which  contain  a  mixture  of  snow  over  ice 
and  surrounding  soil  surfaces. 

Snow  over  lake  ice  can  be  identified  by; 


22V  -  19V  <  =  6 

[a] 

((19V  +  37V)/2.0)  -  ((19H  +  37H)/2.0)  >  4 

[hi 

37V  -  19V  >=  0 

[cj 

37V  <  250 

lb] 

85V  -  37V  <  37V  -  19V 

and  a  .snow-soil-lake  ice  mixture  is  detected  by: 
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22V  19V  <  =  4 

[a] 

((19V  +  37V)/2.0)  -  ((19H  +  37H)/i.O)  >  4 

[bl 

37V  -  19V  <  0 

[c] 

37V  <  250 

[h] 

85V  -  37V  >  =  37V  -  19V 

85H  -  37H  >  =  37H  -  19H 

The  abcve  rules  address  anomalous  cases  with  complex  signatures  and  w'erc  based  on 
observations  of  microwave  brightness  temperatures  over  lakes  in  Canada  during  winter.  They 
need  to  be  further  tested  with  SSM/1  data  collected  over  lakes  in  other  parts  of  the  world. 

9. 1.3. 6.4  Snow  and  Dense  Vegetation 

This  is  a  fairly  common  naturally  occurring  surface  i  many  mountain  ranges  in  the 
temperate  zones  have  evergreen  forests  and  snow  cover  during  the  winter.  The  microwave 
signature  is  characterized  by  a  small  polarization  difference  due  to  the  dense  vegetation  but  with 
lower  brightness  temperatures  as  l^uency  increases  due  to  surface  scattering.  The  rule 
attempts  to  classify  these  cases,  thus  decreasing  tne  number  of  “rain  over  vegetadon** 
misclassiflcations  which  would  result  otherwise.  The  rule  is: 


22V  -  19V  <  =  4.0  [aj 

((19V  +  37V)/2.0)  -  ((19H  +  37H)/2.0  <  =  4.0  p)] 

37V  -  19V  <  -4.0  [c] 

19V  <  =  260  fel 


In  the  winter,  under  dry  snow  cover  conditions,  brightness  temperatures  in  the  19.35  V 
are  usually  well  below  268  iC.  However  in  the  spring,  the  snovpack  at  higher  elevations  under 
trees  is  usually  the  last  to  melt  and  contribute.s  to  surface  scattering  in  the  footprint  scene. 
Physical  sm'face  temperatures  are  much  higher  and  the  overall  effect  is  a  higher  brightness 
temperature  in  the  19.35  V  GKz  channel.  Snow  cover  and  vegetation  can  still  occur  with  19.35 

V  brightness  te  iperatures  greater  than  268  K,  as  it  is  alsc  theoretically  possible  for  heavy 
rainfall  to  occu  over  a  cool  vegetated  surface,  resulting  in  si  ular  microwave  signatures.  Most 
of  the  time  it  is  possible  to  differentiate  between  both  surfaces  as  scattering  in  the  85. S  GHz 
channels  is  greater  for  atmospheric  phenomena  such  ar  thurderstorm  clouds  while  ior  snow 
covered  surfaces,  the  scattering  occurs  in  both  the  37.0  GHz  and  85.5  GHz  channels. 

9.1  3.is.5  Snow  Edge 

No  particular  classification  rule  was  developed  to  detect  snow  edge  due  to  lack  of  precise 
ground  truth  data.  However  under  the  pr^ent  scheme,  footprints  wculd  be  classified  as  dry  or 

V  ct  snow,  refrozen  snow,  moist  soil  or  dry  soil.  Thus,  the  position  of  the  snow  edge  would  be 
determined  geographically  by  the  classification  of  congruent  footprints  i  s  one  of  these  surface 
types.  However,  as  mentioned  above,  microwave  signatures  from  footprint^  that  contain  a 
mixture  of  snow  at  difterent  liquid  water  contents,  along  with  wet  soil  and/or  vegetation  are 


complex  and  difficult  to  classify  with  stand  alone  niles.  In  many  instancCvS,  these  situations 
occur  at  the  edge  of  the  snowpack  and  will  result  in  an  indeterminate  classification  (a  default 
dassilication  when  no  other  classification  rule  applies).  TIte  use  of  additional  satellite  instrument 
datasets,  such  a.s  visible  data  from  the  OLS  or  AVHRR  under  clear  conditions  would  be  useful 
in  identifying  the  exact  position  ot  t  ie  snowpack  edge  and  serve  as  "grotmd  tnath"  for  the  SSM/! 
data. 


9.1.4  Summary  and  Conclisions 

A  list  of  the  developed  classification  rules  is  shown  in  Table  9.12.  AH  temperature 
threshold  values  are  in  degrees  Kelvin,  based  on  SDR  brightness  temperatures.  Unless  otherwise 
stated,  ail  conditions  within  a  rule  must  be  true  for  the  rule  to  c^ply. 

It  must  be  noted  that  no  surface  type  classification  scheme  based  solely  on  microwave 
brightness  temperatures  will  be  perfectly  accurate.  Over  lai.d,  the  large  SSM/I  footprints 
integrate  emis.sions  from  highly  heterogeneous  surfaces  wit  different  microwave  properties 
(soils,  vegetation,  water).  Thus,  the  rules  will  classify  a  given  footprint  according  to  the  surface 
type  which  is  most  prevalent  within  it.  However  misclassifications  can  still  occur,  as  composite 
microwave  signatures  from  a  mixture  of  surfaces  with  different  microu  we  emission  properties 
can  be  misleading.  Misclassifications  could  possibly  occur  between: 

(1)  heavy  rainfall  over  cold,  wet  soil  and  snow  covered  soil 


snow  and  dense  vegetation  and  heavy  rain  ovei  cool  dense  vegeiailon 


V*-/ 


(3)  wet  snow  with  cold  wet  soil  surface 


(4)  cold  wet  semi  arid  surface  and  ripe  snow  covered  soil  surface. 

(5)  snow  edge  or  snow-soil  mixtu.  js  classified  as  indeU*.rminate 

The  rules  presented  in  Table  9.12  were  designed  to  be  used  in  combination  with  the 
developed  overland  parameter  retrieval  algorithms  defined  in  sections  9.2,  9.3  and  9.4.  Due  to 
tlic  complex  mixt  ire  of  surfaces  which  can  naturally  occur,  there  will  .e  instances  of 
indeterminate  c  lassifications.  It  is  expected  that  these  will  be  kept  to  a  minimum,  not  affecting 
the  retrieval  of  the  parameters.  Additional  rules  to  deaf  with  these  anomalous  cases  could  be 
developed  in  thi  future  if  necessary 

listing  of  the  parameter  retrieval  alg  ithms  wliich  apply  to  each  surface  type 
classification  rule  are  shown  in  Table  9. 13. 
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TABL^  SUMMARY  OF  SURFACE  TYPE  CLASSIFICATION  RULES  USING  I'HE 
SEVEN  CHANNELS  OF  THE  SSMA 

BRIGHTNESS  l^MPERATURE  COMBINATION  THRESHOLD  VALUES 
LAND  SURF,  [a]  [bj  [d  [d]  [c]  [g]  fh]  [j] 


TYPE 

(K) 

(K) 

(K) 

(K) 

(K) 

(K) 

(K) 

(K) 

Uooded  Cond. 

Dense  Veg. 

<.  4 

:<  1.9 

>L-1 

<  4.5 

>  262 

Dense  Agric./ 
Range  Veg. 

:<  4 

>  1.9 
_<  4 

^-1 

<  4.5 

>  262 

Dry  Arable 

Soil 

.<  4 

>  4 
j<  9.8 

^-6.5 

<  L.5 
.>  -5 

<  4.2 

Moist  Soil 

<_4 

>  4 
<  19.7 

^  -6.5 

^  0.5 
<  4 

<  4.2 

Semi-Arid 

Surface 

.<  4 

>  9.8 
<  19.7 

<  0.5 

<  6 

<  -1.8 

Desert 

-<2 

^  19.7 

>  -1 

>  26S 

Precipitation 
Over*  Veg. 

<  4 

jC  4 

<  -! 

'>  268 

Precipitation 
Over  Soil 

.<  4 

>  4 

<  -3 

<  -5 

<  -4.1 

>  268 

Comp.  Veg. 
and  Water 

J<  4 

<  6.4 

.>  -1 

^  4.5 

>  257 

Comp.  S  il  & 
Water/ W-t  Soil 

<.  4 

.>6.4 

^  -6.5 

^  0.5 

^  4.2 

Dry  Snow* 

^  4 

>  4 

<  -6.5 

>  225 
_<  25  7 

Wet  Snow 

.<4 

>  9.8 

<  -0.8 
:>  -6.5 

<  0.5 

<  268 
>  25: 

>  -1.8 
<  6.5 

Refro/en  Snow^ 

-<  4 

>  4 

<  -6.5 

j<  225 

rar52V~n9V  [b]  (19V+37V175- (19H+37H)/2  [cl  37V  19V 

[dj  85V -37\  [e]  85H  -  37H  [fj  37V  -  37H 

[gl  19V  [h]  37V  01  37H  19H 

AddiUonal  conditions;  '  19V  -  19H  ^  5  ^  19V  >  37V  >  85V  ,  19H  >  37H  >  85H 


m 
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TABLE  9.13  CLASSIFICATION  RULES  AND  APPLICABLE  ALGORITHMS 


3* 


Surface  Type  Algorithm 


Flooded  conditions 

(7) 

No  SDR 

Dense  vegetation 

(1) 

Surface  temperature  over  vegetation  (STV) 

Dense  agriculttue  crops 
and  range  vegetation 

(3) 

Surf^  temperature  over  land  (STL) 

Dry  arable  soil 

(9) 

Surface  temperature  over  desert  (STD) 

Moist  soil 

(18) 

Surface  temperature  over  moist  soil 
(STML),  Surface  moisture  (SM) 

Semi-arid  surface 

(15) 

STD 

Desert 

(10) 

STD 

Precipitatimi  over  vegetation 

(4) 

Precipitation  over  land  (RL) 

Precipitation  over  soil 

(8) 

RL 

Composite  vegetation  and  water 

(2) 

Sl'V 

Composite  soil  and  water/wet  soil 

(6) 

STML,  SM 

Dry  snow 

(14) 

Snow  dq)th  (SD) 

Wet  Snow 

(19) 

No  EDR 

Re-frozen  snow 

(13) 

No  EDR 

Indeterminate  Classification 

(0) 

No  EDR 

Sl'V,  STL,  STD,  STML,  SM,  RI.,  and  SD  denote  retrieval  algorithm  codes.  Numbers  in 
parenthesis  are  the  proposed  EDR  .surface  type  codes. 
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9-1.5  Alternative  Rules 


In  mid  Maa";h  1988,  after  the  SSM/'I  was  turned  back  on,  an  increase  in  the  noise  level 
of  the  85.5  GHz  vertical  trolarization  channel  was  observed.  This  channel  continued  to 
deteriorate  until  the  data  was  rendered  useless  by  the  middle  cT  that  year.  Later,  similar 
problems  with  the  85.5  GHz  horizontal  polarization  channel  occurred. 

The  failure  of  both  channels  posed  a  problem  for  the  use  of  some  retrieval  algorithms, 
including  the  land  surface  type  classification  scheme  which  dq>ends  on  these  brightness 
temperatures  for  the  accurate  classiHcatio'  of  water  in  the  footprint  scenes  as  well  as 
pn  -ipitation  events  over  land.  To  address  P. ;  unavailability  of  data  from  these  channels,  two 
alternative  schemes  were  developed:  (1)  classification  rules  to  be  used  when  only  the  85.5  V 
GHz  is  not  available  and  (2)  rules  to  be  used  when  both  85.5  GHz  channels  are  unusable. 

9. 1.5. 1.  Rules  for  the  Loss  of  the  85.5  V  GHz  Channel 

The  methodology  used  in  the  development  of  these  rules  was  the  same  as  described  in 
section  9.1.2.  The  difference  being  that  the  85.5  V  GHz  was  not  included  in  the  analysis. 
Channel  brightness  temperature  differences  and  combinations  in  the  original  rules  which  were 
based  on  the  85.5  V  GHz  channel  were  substituted,  for  most  part,  by  combinations  using  the 
85.5  H  GHz  channel.  An  analysis  of  the  changes  to  the  original  niles  is  conducted  in  tlie 
following  Sections. 


/>  t  r-  < 
A  .  I .  I 


Dense  Vegemtion,  De.nse  Agricultural  and  Raiigelanu  Vegetation,  composite 
Dense  Vegetation  and  Water,  Rain  fh'er  Vegetation 


In  the  original  scheme,  the  85.5  V  -  37.0  V  channel  combination  is  used  as  an  indicator 
of  rainfall  for  the  above  listed  rules.  The  niodiHed  rules  are  based  on  the  85.5  H  -  37.0  H 
combination  instead.  Microwave  radiation  in  the  85.5  H  GHz  chtuinel  will  be  scattered  by 
hydrometeors  in  the  atmosphere  in  a  similar  manner  as  the  85.5  V  Ghz  channel,  due  to  its  small 
wavelength.  Based  on  the  analysis  of  numerous  storms  and,  considering  a  lower  limit  for  this 
combination  of  approximately  three  standard  deviations  from  the  mean  in  the  case  of  no 
precipitation  (Table  9.3),  a  threshold  value  of -0.8  K  was  determined  for  tlie  flagging  of  rainfall 
over  vegetation.  Therefore,  if  the  combination  85.5  H  -  37.0  H  <  -0.8,  rainfall  .s  present 
within  the  footprint.  Table  9. 14  summarizes  the  new  rules. 

9.1.5. 1.2  Dry  Arable  Soil,  Semi-Arid  Conditions,  Desert,  Composite  Soil  and  Water  or  Wet 
Soil,  Moist  Soil 


The  85.5  V  -  37.0  V  combination  was  used  in  th  se  rule.,  both  as  an  indicator  of  rainfall 
and  for  the  detection  of  surface  moisture  along  wit  the  85.5  H  -  37.0  H  .  Tne  latter 
combination  can  be  used  on  its  own  or  both  purposes  with  different  brightness  temperature 
threshold  values.  Tlie  classification  res  will  l>e  less  accurate  (more  misclassifications)  but 
overall,  the  rules  perform  satisfactorily. 


To  differentiate  between  dry  arable  soil  and  moist  stiil,  the  85.5  H  -  37.0  H  combination 
must  I’nve  a  value  less  than  3  K,  but  greater  than  -4. 1  K,  the  latter  being  the  threshold  value, 
beU>w  which  rain  is  pres<  t  within  the  footprint  scene.  For  moist  soil,  the  85.5  H  -  37.0  H  is 
greater  than  3  K  but  less  than  4.3  K,  while  for  wet  soil  or  composite  soil  and  water  85.5  H  - 
37.0  H  >  4.3  K.  A  summary  of  the  rules  is  shown  in  Table  9  14. 

9. 1  -5. 1 .3  Flooded  Conditions,  Snow  Rules 

These  rules  are  unaffected  by  the  loss  of  the  85.5  V  GHz  channel. 

9. 1.5.2  Rules  for  the  Loss  of  Both  85.5  GHz  Channels 

With  the  unavailability  of  both  ?  3.5  GHz  channels,  the  classification  of  surface  moisture 
is  practically  impossible  with  any  acceptable  degree  of  accuracy.  To  detect  moisture  on  the 
surface  due  to  precipitation  it  will  be  necessary  to  maintain  a  running  average  of  the  19.35 
H/37.0  V  normalized  brightness  temper,  mre  and  observe  significant  decrea.ses  in  the  value  of 
this  parameter  due  to  moistiutj,  as  described  in  Section  9.3.  Composite  water  and  soil  or 
vegetation  scenes  are  harder  to  detect  with  just  the  lower  frequency  channels.  Precipitation  can 
be  detected  with  the  37.0  V  -  19.35  V  channel  »mbinatioi!,  however,  due  to  the  lesser 
sfmsitivity  to  small  hydrometeors  of  the  longer  wa\  ngths  at  37.0  GHz,  the  classification  of 
rainfall  is  less  accurate.  Thunderstorm  events  with  large  water  and/or  ice  droplets  will  be 
classified^  but  str>aller  events  with  finer  precipitation  might  not  be  detected  without  the  85.5  GHz 
channels. 

The  resulting  rules  to  be  used  without  the  85.5  V  GH?  channel  are  shown  in  Table  9.14 
and  the  rules  to  be  used  if  both  of  the  85.5  GHz  channels  are  missing  are  shown  m  Table  9. 15. 
The  apj  opriate  retrieval  algorithms  to  be  used  when  all  channels  are  present  or  when  the  85.5 
V  GHz  ciiannel  is  missing  are  given  in  Table  9.13.  When  both  85.5  GHz  channels  arc  missing 
the  retrieval  algorithms  to  be  used  are  given  in  1  able  9. 16.  The  diy  arable  soil  rule  will  be 
called  arable  soil  as  it  will  include  surfaces  that  a  e  moist  or  that  contain  water  bodies.  Thus, 
algoritW  parameters  such  as  land  surface  temperature  retrieved  over  such  areas  could  be  less 
accurate. 

Snow  detection  is  limited  to  dry  snow  as  the  85.5  GHz  channels  are  required  to 
categorize  other  snow  surfaces  such  as  wet  snow  or  re-frozen  snow 
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fABr:E^.T4  LAND  SURL^K  tVpC  C LASSIE I^Al  iON  RUI  ES  TO  BE  USKD  WHEN 
85.5  V  GH/  CHANNEL  IS  MISSING 


TEMPStATURE  COMBiNAtlON  THrESHOI.D  VALUES 


LAND  SURF. 
TYPE 

[al 

(K) 

[b] 

(K) 

[c] 

(K) 

tdl 

(K) 

lei  [gl 

(K)  (K) 

[h] 

(K) 

U1 

(K) 

Flooded  Cond. 

Dense  Vcg. 

<.4 

<_  1.9 

<  4.5  >  262 

^-0.8 

Dense  Agric./ 
Range  Veg. 

j<  4 

>  1.9 
<  4 

>  -0.8 

<  4.5  •>  262 

Dry  Arable 

Soil 

J<  4 

>  4 
.<9.8 

A  -6.5 

>  -4.1 
<  3 

Moist  Soil 

^  4 

>  4 
<  19.7 

^  -6.5 

.>  3 
<  4.3 

Semi-Arid 

Surface 

.<  4 

>  9.8 
<  19.7 

>  -4.1 
<  6 

<  -1.8 

Desert 

^2 

^  19.7 

>  -1  >268 

Precipitation 
Over  Vcg. 

<  4 

<  4 

<  -0.8  >  268 

Precipitation 
Over  Soil 

.<  4 

>  4 

<  -3 

<  4.1  >  268 

Comp.  Veg. 
and  Water 

.<  4 

<  6.4 

;  4.5 

>  257 

Comp.  So  l  & 
Water/Wet  Soil 

_<  4 

^  6.4 

^  -6.5 

^  4.3 

Dry  Snow’ 

^4 

>  4 

<  -6.5 

>  225 
<^251 

Wet  Snow 

.<4 

>  9.8 

<  -0.8 
^-6.5 

<  268 
>  253 

>  -1.8 
j<  6.5 

Refj{).v;cn  Snow^^ 

.<  4 

>  4 

<  -6.5 

^225 

[a]  22  V  -  19V  [bl  (19V-f37V)/2 
[dj  85V  -  37V  [e]  85H  -  37H 

Ig]  19V  [h]  37V 

Additional  conditions.  ‘  19V  -  19H 

-  (19HT37H)/2 

>  =  5  ^  19H 

[c]  37V  -  i9V 
[fl  37V  -  37H 
m  37H  -  19H 
>  37H  >  85H 

tabTh  ^  I^TanD  siJKfaT:!^  Cf ,A551FrrATinR~K  Oil!?rTirm^  03?B[r WHHFTPO^^ 
8V5  GHz  CHANNELS  ARE  MISSING 


LAND  SURE. 
TYPE 

BRIGH «  NESS  TEMPER  ATHR1-:  CoMBllSA'rtON  tllRI^HOLD  VALUES 
[al  [bS  [cj  Id]  ['•1  Ig]  rh]  jjl 

(K)  <lv)  (K)  (K)  (Ki  (K)  (K)  (K) 

Flooded  C’ond. 

>  4 

Dense  Vef  .. 

4 

^  1.9 

>  -6.4 

>  262 

Dense  Agric./ 
Range  Veg. 

<l  4 

V|A 

:>  “6.4 

>  262 

Arable  SoiP 

<-  4 

^  9.8 

>  4 

->  -6.-5 

Semi-Arid 

Surface 

.<  4 

<  19.7 
>  9.8 

<  1.8 

Desert 

<  2 

>_  19  7 

>  268 

Precipitation 
Over  Veg. 

<_4 

4 

<  -0.4 

>  268 

Precipitation 

r  -  !i 

V/VCI  OUll 

^4 

>  4 

<  6.4 

>  268 

Dry  Snow^ 

>  4 

<  -6  5 

>  225 

257 

[a]  i2V  -  19V 
[d]  85V  -  37V 
[g]  19V 

[b]  1 

le] 

fh] 

[19V-t-37V)/2 
85H  -  37H 
37V 

<19Mf37H)/2 

~[5r^7V  -  19V 
[fl  ..TV  -  3711 

UJ  37H  -  19H 

Arable  soil  type  includes  the  types  dry  arable  soil,  moist  soil,  and  composite  soil  and 


water/ wet  soil. 

^Additional  conditions:  19V  -  19H  >  =  5 
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TABLE'9.  16  CLASSIFICATION  RULES  AND  APPLICABLE  ALGORITHMS  TO  EE  USED 
WHEN  THE  85.5  GHz  CHANNELS  ARE  MISSING 


Surface  Type 

Algorithm 

Flooded  conditions 

(7) 

No  EDR 

Dense  vegetation 

(1) 

Surface  temperature  over  vegetation  (STV) 

Dense  agriculture  crops 
and  range  vegetation 

(3) 

Surface  temperature  over  land  (STL) 

Arable  soil‘ 

(9) 

Surface  tempe  'urt  all  types  (ST.A) 

Surface  moisture  (SM) 

Semi -arid  surface 

(15) 

Surface  temperature  over  desert  (STD) 

Desert 

(10) 

STD 

Precipitation  over  vegetation 

(4) 

Precipitation  over  land  (RL) 

Precipitation  over  soil 

(8) 

RL 

Dry  snow 

(14) 

Snow  dqpth  (SD) 

Indeterminate  Classification 

(0) 

No  EDR 

STV,  STL,  STA,  SM,  STD,  RL,  and  SD  denote  retrieval  algorithm  codes.  Numbers  in 
parenthesis  are  the  proposed  EDR  surface  type  codes. 

‘Arable  soil  tyie  includes  the  types  dry  arable  soil,  moist  soD,  and  composite  soil  and 
water/wet  sc'il.  The  Al!  Types  land  surface  temperature  algorithm  is  to  be  used. 
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9.2  LAND  SURFACE  TEMPERATURE  ALGORITHMS 


9.2.1  Al£orithin  Development  Rationale 

The  retrieval  of  surface  temperature  over  land  has  been  an  e  mission  in  tine  development 
of  applications  of  passive  microwave  radiometry.  Microwave  radiometers  on  satellites  have  been 
designed  to  retrieve  the  atmospheric  temperature  profile  and  sea  surface  temperature.  Tlie 
radiometers  for  atmospheric  profiles  have  several  channels  on  the  flank  of  an  absorption  band, 
such  as  the  50  to  60  GHz  oxygen  absorption  band.  In  order  to  retrieve  an  atmospheric 
temperature  profile,  the  temperature  of  the  lowest  atmospheric  layer  is  needed.  Sources  of  this 
temperature  can  be  either  surface  temperature  reports  or  a  channel  in  a  window  adjacent  to  the 
absorption  peak.  While  considerable  research  has  been  conducted  in  atmospheric  temperature 
microwave  sounders  [I],  the  specification  of  the  surface  temperature  field  over  land  has  not  been 
a  product  of  this  research.  A  major  complicating  factor  has  been  the  variability  of  the  land 
surface  in  the  field  of  view  of  the  radiometers.  Water  in  any  form  in  the  atmosphere,  on  the 
land  surface,  or  in  soil  (without  significant  vegetative  cover)  changes  the  emission,  absorption, 
and  scattering  of  the  emitted  radiation.  These  problems  are  gmeraily  viewed  in  terms  of 
standardizing  or  normalizing  the  background  temperature  so  that  the  water,  in  its  various  forms, 
may  be  quantified. 

The  potential  exists  for  retrieval  of  land  surface  temperatures  witliout  a  priori  knowledge 
of  the  emissivity,  absorption,  or  scattering.  The  temperatures  of  densely  vegetated  or  dry  land 
surfaces,  each  with  a  high  emissivity,  should  be  easily  retrievable  from  vertically  or  horizontally 
polarized  brightness  teniperaUires.  Lambert  and  McFarland  [2]  found  excellent  correlationE 
be^ween  the  Nirnbus-7  Scanning  Multichannel  Microwave  Radiometer  (SMMR)  in  the  18  and 
37  GHz  vertical  and  horizontal  channels,  and  air  vemperature  for  dry  range  and  prairie  areas  in 
the  northern  Great  Plains.  The  observed  air  temperarures  were  me\sured  at  screen  height,  1.2 
m,  md  reported  as  daily  maximums  and  minimums  in  the  NOAA  climatological  data. 
Incorporation  of  the  22  GHz  vertical  channel  should  aid  in  the  correction  for  atmospheric  water 
vapor  absorption  of  the  emitted  radiation.  The  horizontally  polarized  brightness  temperature  at 
either  19  or  37  GHz  should  similarly  correct  for  effects  of  surface  or  soil  w'ater  on  the 
emissivity.  Land  surface  temperature  retrieval  from  passive  microwave  in:  j  not  be  possible  or 
meaningful  in  the  presence  of  snow,  ice,  or  water. 

The  original  Hughes  Aircraft  Company  (HAC)  algorithm  for  the  retrieval  of  land  surface 
tci  uperature  had  three  forms.  Temperature  over  cloudy  land  (fLC)  was  not  investigated  due  to 
an  inability  to  discriminate  extensive  cloud  cover  in  the  land  surface  classification  module. 
Previous  experience  [3]  indicates  that  temperature  over  snow  (STS)  and  cloudy  snow  (TSC) 
would  be  extremely  difficult,  at  best,  to  retrieve.  The  passive  microwave  radiation  from  a  snow 
pack  is  a  combination  of  attenuated  radiation  emitted  from  the  underlying  soil,  the  reflected  sky 
radiation  from  the  snow  surface,  and  the  ladiation  emitted  fiom  the  snow.  Tliis  radiation  is 
strongly  influenced  by  the  try-  talline  sfrucrire  of  the  snow,  which  changes  slowly  throi  gh  hoar 
crystal  development  and  rapidly  through  freezing  and  thawing  cycles.  Although  snow  is 
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regarded  as  a  blackbody  radiator,  it  does  not  function  as  a  black  body  at  the  incidence  angles 
of  the  SSM/I. 

For  surfaces  with  a  high  emissivity  (dense  vegetation,  frozen  soil,  and  glacial),  the 
originaJ  HAC  algorithm  was: 

ST  =  C,  *  19V,  (1) 

where: 

ST  -  surface  temperature  (K) 

C,  =1.09  ft  •  vegetation 

1.07  for  frozen  and  glacial,  and 
19V  =  19.35  GHz  vertically  polarized  brightness  temperature. 

These  values  for  C,  are  die  inverse  of  the  modelled  emissivities  for  these  surfaces.  The 
influences  of  the  atmosphere  on  the  emitted  radiation  were  not  considered  in  this  algorithm. 
For  surface  temperature  over  arable  land  (agricultural  and  range  land),  desert,  and  snow,  the 
original  algorithm  was: 

ST  =  Co  +  C,»37V  -  Q'*22V  -  C3*19H  +  C4’*85H.  (2) 

Here  Q,  =  -36.4  and  =  the  coefficients  for  the  channels,  as  indicated.  The  physical 
explanation  for  this  algorithm  can  be  discerned  by  rewriting  the  equation  as: 

ST  =  Ao  +  A,^7V  +  Aj*(37V-22V)  +  Aj*(37V49H)  +  A4*85H.  (3) 

In  this  form,  the  37V  channel  is  the  primary  channel  to  retrieve  the  land  surface  temperature. 
Three  corrections  were  made  to  this  estimate.  The  brightness  temp^aturc  difference  between 
37V  and  22V  is  a  measure  of  the  atmospheric  water  vapor  which  attenuates  the  emitted 
radiation.  As  the  difference  increases,  the  amount  of  the  correction  must  also  increase.  The 
polarization  difference  between  the  37  and  19  GHz  brightness  temperatures  is  a  function  of  the 
water  present  in  the  land  surface  scene.  As  before,  the  greats  the  channel-polarization 
difference,  the  more  the  correction  is  required.  The  85H  correction  is  small,  between  15  and 
20  K,  and  is  a  function  of  the  attenuation  by  atmospheric  water.  The  actual  correction  for 
atmospheric  water  is  less,  but  in  this  form  of  the  equation,  the  constant  is  included  in  the  overall 
regression  constant  (Cg).  Rearrangement  of  these  terms  produces: 

ST  =  Co  +  (A,-I-A2-I-A3)*37V  -  A2*22V  -  A3*19H  +  A4*85H  (4) 

Here  A,  =  the  inverse  of  the  emissivity  of  the  dry  scene  in  the  37V  chamiel,  A2  =  0.127,  the 
value  of  Ci,  Aj  =  0.459,  the  value  of  C3,  and  A4  =  0.0636,  the  value  of  C4.  If  the  inverse  of 
the  emissivity  is  set  at  1.024,  tlie  sum  of  the  coefficients  is  equal  to  C,,  which  is  1.610.  If  the 
contribution  of  the  S5H  channel  were  neglected,  the  inverse  of  the  emissivity  should  be  increased 
to  1.07. 


9-41 


(/ M t L A ^  i  1 1  Hi) 


The  purpose  of  this  investigation  was  to  validate  the  basic  rationale  of  the  algorithms 
based  on  multiple  linear  regression,  to  select  the  optimal  channels  for  various  categories  of  land 
surface  tjTXJS,  and  to  calibrate  the  coefficients  of  the  regression. 

9.7.2  Methodology 

The  management  of  SSM/I  and  clintatological  data  has  been  discussed  in  Section  9.0.1. 
Files  of  SSM/I  brightness  temperatures  and  air  temperatuies  (24  hour  minimum,  maximum  and 
temperatuie  at  time  of  observation)  were  created  for  the  Western  Desert  and  Central  Plains  test 
area^.  Air  temperatures  at  screen  height  (1.2  m)  were  used  for  the  calibration  and  validation 
of  the  coefficients,  as  opposed  to  estimates  of  tl  ;  temperature  of  the  emitting  layer.  Air 
temperature  at  screen  height  is  the  standard  far  incorporation  of  temperature  into  numerical 
meteorological  and  agricultural  meteorological  models.  Under  cloudy  or  high  humidity 
conditions,  the  surface  and  screen  temperatures  should  be  very  close.  For  clear,  d)  conditions 
the  deviations  between  the  surface  and  screen  temperatiiies  will  be  the  greatest,  especially  if  the 
radiating  surface  is  characterized  by  a  high  emissivity  and  a  low  density.  These  conditions 
promote  strong  radiational  mversions  in  the  early  morning  hours  and  siiperadiabatic  lapse  rates 
near  the  surface  in  the  early  afternoon  hours.  A  coefficient  of  determination  of  0.94  for  974 
pairs  of  screen  temperatures  and  the  radiometric  temperature  of  the  earth  surface  from  thermal 
infrared  or  microwave  sounder  measurements  from  NOAA  6  has  been  reported  [4]  with  a 
standard  deviation  usually  less  than  2.0  K  during  the  summer  months,  but  in  the  3  to  4  K  range 
m  the  winter  months. 

Temperatures  from  the  climatological  n«  iwork  were  used,  as  opposed  to  hourly 
temperatures  from  first  order  weather  stations,  in  order  to  achieve  the  required  density  of  surface 
temperature  observations.  The  operation  of  climatological  stations  requires  volunteer  observers 
to  record  temperatures  and  other  climatolo'^ical  elements  eacl  day.  The  temperatures  are  the 
maximum  and  minimun^  during  the  past  24  >.ours  and  the  temperature  at  the  time  of  observation. 
The  time  of  obseivation  is  either  during  the  early  morning  or  the  late  afternoon,  normally  at  the 
convenience  of  the  observer.  Federal  stations  (National  Weather  Service  and  Flight  Service) 
record  the  climatological  elements  at  midnight,  local  time  Consequently,  the  temperatures 
recorded  for  a  given  day  may  have  occurred  the  previous  day.  The  actual  time  of  the  satellite 
overpass  was  about  0615  local  standard  time,  which  corresponds  ^rly  closely  with  the  eariy 
morning  observing  time  for  the  tempeiatures.  The  late  afternron  observing  times  are  generally 
in  the  1700  to  1900  time  lange,  ordinarily  everal  hours  after  the  time  of  the  occurrence  of  the 
maximum  temperatures.  An  attempt  was  r  ade  using  curve  fitting  techniques  to  estinia  i  tlje 
screen  air  temperature  at  the  time  of  the  satellite  overpass  ('tear  I'-X)  local  standard  time;.  A 
combination  of  sine  and  exponential  lenns  incorporating  the  l  mes  oi  sunrise,  sunset,  and  normal 
occurrence  of  the  air  maxima  and  minima  were  used  to  determine  the  18tX)  temperature.  A 
large  variance  was  noted  *.  hen  the  estimate  was  compared  with  the  teniperaturc;  it  an  obseivation 
time  of  1800.  A  dctrision  was  made  to  confine  the  data  set  for  algorithm  development  to  the 
ascending,  or  early  morning,  overpass. 
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The  rnea)is  and  standard  deviations  of  ttie  differences  between  the  reported  minimum 
temperature  and  the  temperature  at  time  of  observation  was  calculated  for  about  600 
climatological  stations  in  the  Central  Plains  for  days  231,  234,  235,  and  240,  1987.  The 
comparisons  are  presented  in  Table  9.17.  For  climatological  stations  with  0500  and  0600 
observing  times,  the  reported  24  hour  minimum  temperature  did  not  agree  with  the  temperature 
at  observation  time.  This  is  probably  due  to  an  occurrence  of  the  minimum  temperature  on  the 
previous  morning.  For  this  reason,  stations  with  0500  and  0600  reporting  times  were  excluded 
from  the  ground  truth  data  set.  For  stations  with  0700  and  0800  n porting  times,  the  average 
differences  were  generally  in  the  2  to  4  C  range,  with  standard  deviations  of  2.6  to  3.4  C.  In 
general,  the  minimum  temperatures  that  constituted  the  ground  truth  were  about  2  C  less  than 
the  air  temperatures  at  the  satellite  overpass  time.  The  ground  truth  temperatures  ranged  from 
1.1  to  26.7  C  during  the  test  period.  Additional  information  on  the  variance  within  the  ground 
truth  is  in  Miller  [5]. 


T.ABLE9,17  COMPARISON  OF  REPORTED  MINIMUM  TEMPERATURES  WITH 
TEMPERAI URES  AT  TIME  OF  OBSERVATION  FOR  CENTRAX  PLAINS 
TEST  AREA,  DAYS  231,  234,  235,  AND  240 


Means  (C)  of  Differences,  Temperature  at  Time  of 
Observation  and  24  Hour  Minimum  Temperature 


Time  of 

Calendar  Day 

ohmYaUsm 

2M 

235 

240 

05U0 

19.5 

12.5 

12.2 

16.5 

0600 

6.2 

3.5 

4.7 

4.8 

0700 

2.7 

1.7 

2.1 

2.1 

0800 

4.2 

3.3 

3.3 

3.5 

Standard  Deviations  (C)  of  differences  Temperature  at  Time  of 
Observation  and  24  Hour  Minimum  Temnerature 

Time  of 

Calendar  Day 

observation 

231 

234 

235 

240 

0500 

4.95 

9.62 

4.63 

7.74 

0600 

9.02 

6.15 

5.48 

6.89 

0700 

2.97 

2.67 

2.95 

2.69 

0800 

3.40 

3.35 

3.13 

3.24 
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A  multiple  linear  regression  analysis  was  performed  for  each  surface  type  identified  in 
the  land  clz^sificalion  module  (EXTLl^).  riitially,  all  seven  channels  were  used  in  the 
regression.  The  best  four  Cifannels  were  idenf  fied,  based  on  the  coefficient  of  detennination 
(R^)  and  the  root  mean  square  error  (RMSE).  Similar  categories  of  surface  type  were 
aggregated,  primarily  to  prevent  gradients  in  the  temperature  field  across  surface  classifications 
[6].  Pixels  classified  as  rain,  Hooded,  and  snow  were  excluded  from  the  regre^ssion  analyses. 
No  stratification  was  made  for  cloudiness,  due  to  an  inability  to  classify  different  cloud  types 
and  amounts  in  the  land  classification  module.  The  algorithms  that  were  identified  were  then 
tested  against  independent  data  for  both  the  Central  Plains  and  the  Western  Desert  test  areas. 
The  surface  temperature  files  from  the  Climatological  Data  contained  t  mperatures  from  single 
stations. 

9.2.2. 1  Multiple  Linear  Regression  With  Brightness  Temperatures 

Four  major  assumptions  are  inherent  in  mul  :ple  linear  regression  analysis.  The  basic 
assumption  is  that  the  regression  model  is  linear.  The  other  assumptions  are  that  the  values  of 
the  dependent  variable  (the  retrieved  variables,  or  EDRs,  in  the  SSM/I  analyses)  are  independent 
of  each  other  ant  ire  nv^rmally  distributed  and  that  tlie  variance  of  the  independent  variable  is 
the  same  for  all '  aiues  of  the  independent  variables.  Violation  of  any  of  these  four  as:.uniptions 
leads  to  probleir  s  with  the  lalysis  [7]. 

In  the  land  surface  temperature  investigations,  the  basic  form  of  the  D-matrix  algorithm 
was  linear.  The  validity  of  this  assumption  was  examined  by  plotting  the  predicted  values 
against  the  observed  values  of  land  surface  temperature  and  curvilinearity  was  not  apparent.  The 
relationships  between  the  surface  temperature  and  the  brightness  temperatures  were  also  expected 
to  be  linear  from  a  theoretical  basis,  primarily  for  single  channel  regression  models.  The  data 
were  autoc  firelated  both  spatially  and  temporally  within  a  specific  time  ^rame  and  a  test  area 
and  the  regression  equations  were  tested  against  independent  data  for  other  locations  and 
seasons,  so  the  implications  of  autocorrelatir  i  are  not  expected  to  be  significant. 

Multicoilinearity  is  a  problem  when  two  or  more  of  the  in  ependent  variables  are  highly 
correlated  with  each  other.  In  this  event,  the  regression  model  will  not  be  able  to  separate  out 
the  effect  of  each  brightness  temperature  on  the  surface,  temperature.  In  tf»e  presence  of 
pronounced  multicoilinearity,  the  estimates  of  the  coefficients  will  have  large  s'lndard  errors  and 
will  tend  tc  be  unreliable.  Multicoilinearity  is  present  when  a  high  coefficient  of  determination 
is  accompanied  by  statisticaliy  insignificant  esi  mates  of  the  regression  coefficients  [ "T.  This 
degre :  of  multicoilinearity  in  the  D-matrix  approach  is  evident  from  the  correlation  matrix  of 
SSM71  brightness  temperatures  for  the  test  area  and  penod  as  shown  in  Table  9.18.  Every 
channel  was  highly  correlated  vrith  every  other  channel.  ITie  highest  correlation  coeffi*  lent  was 
0.99  between  i9V  and  37V,  the  channels  least  influenced  by  atmosphere  (after  rain  and  standing 
water  pixels  were  removed  from  the  analysis).  The  lowest  channel  to  ch  mnel  conelation  was 
0.84  between  85V  and  both  19H  and  37H,  tlie  channels  least  sensitive  and  most  sensitive  to 
surface  moisture,  respectivelj  The  85V  i  also  the  most  sensitive  to  clouds.  The  correlation 
between  the  horLtonal  and  vertical  components  at  a  given  freq>  ency,  or  the  within  channel 
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correlation,  was  very  high  for  the  19,  37,  and  85  GHz  channels.  In  data  not  presented,  the 
within  channel  correlation  in  vegetated  terrain  was  highest  for  the  85  GHz  channels. 


I  able  9.18  CORRELATION  MATRIX  OF  SSMP  BRIGHTNESS  TEMPERATURES  FOR 
LAND  SURFACE  TYPES  USED  IN  \  HE  LAND  SURFACE  TET  PERATURE 
RETRIEVAL 


SSM/I  CHANNEL 


12V 

12H 

21V 

27V 

37H 

85V 

85H 

19V 

1.00 

0.96 

0.98 

0.99 

0.95 

0.91 

0.93 

19H 

1.00 

0.93 

0.94 

0.98 

0.84 

0.90 

22V 

1.00 

0.98 

0.93 

0.95 

0.96 

37V 

1.00 

0.96 

0.93 

0.94 

37H 

1.00 

0.84 

0.91 

85V 

1.00 

0.97 

85H 

1.00 

A  recoiTiiueriueu  procedure  when  muUicoiiineariiy  is  present  is  to  drop  the  correlated 
viuiables  from  the  equation,  depending  on  the  test  of  significance  of  the  regression  coeffii  icnt 
and  the  judgement  of  the  researcher  [7].  If  a  highly  correlated  variable  is  dropped  from  the 
^ression  equation,  the  coefficient  of  determination  will  not  change.  'JThis  was  apparent  in  the 
ildple  linear  regression  analyses,  as  will  be  shown  in  the  discussion. 

Another  recommerded  approach  to  remove  the  effects  of  multicollinearity  is  to  change 
the  form  of  the  independ^fit  variables.  Normalization  or  differencing  techniques  may  be 
emp  ved.  A  princi}jal  component  analysis  was  performed  to  account  for  the  effects  of 
mulUwOlhnearity  of  the  SSM/I  brightness  tCinperatures.  Principal  components  is  a  multivariate 
ai.  is  technique  used  to  describe  relationshjps  between  indqx;ndeni  variables.  A  set  of  linear 
transformations  is  used  to  create  a  new  set  of  independent  variables  that  are  jointly  uncorrelated 
[8].  The  first  principal  component  has  the  largest  variance  of  any  linear  fimcticn  of  the  original 
brightness  temperatures.  The  second  component  has  the  second  largest  variance,  and  so  forth. 

Principal  component  (or  factor)  analysis  was  used  to  determine  the  most  significant 
physical  factors  that  relate  the  SSM/I  brightness  temperatu  es  to  the  land  surface  temperature. 
The  principal  compon»'nts  were  determined  for  each  land  surface  category  of  the  aggregated  set 
and  u.sed  as  independent  variables  in  u  linear  regres.sion  analysis.  The  importance  of  each 
coefficient  was  determined  ba  ler  >n  the  of  the  probability  level  (p)  and  the  t  statistic.  The 
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p  value  is  a  two-tailed  significance  probability  that  the  ccefficicnt  (and  correlation)  is  zero.  A 
low  value  of  p  indicates  a  high  probability  that  the  correlation  is  significant. 

Idea  ly,  tlie  variance  of  the  independent  variable  is  not  a  function  of  the  values  of  the 
independent  variables  -  a  condition  known  as  homosceda.sicity.  If  the  variances  are  not  equal, 
then  heteroscedasticity  will  be  a  problem.  This  condition  was  not  rigorously  tested  in  the  SSM/1 
data  sets,  but  is  not  believed  to  be  a  problem.  A  visual  examination  of  the  scatter  plots  of 
predicted  versus  observed  land  surface  temperatures  did  not  reveal  any  pronounced  change  in 
variance  distribution  as  a  function  of  the  value  of  the  observed  land  surface  temperature.  A 
simple  mean  and  standard  deviation  analysis  of  the  SSM/1  brightness  temperatures  in  the  analysis 
also  did  nut  indicate  a  problem  with  heteroscedasticity.  Because  the  principal  components  are 
standardized  and  uncorrelated,  the  coefficient  estimates  have  standard  errors,  thus  avoiding 
heteroscedasticity.  The  standard  deviations  of  the  brightness  temperatures  were  of  the  same 
order  of  magnitude  as  the  land  surface  temperatures,  as  shown  in  Table  9. 19.  The  standard 
deviations  were  slightly  higher  in  the  horizontal  channels,  as  expected  from  intiuences  of  surface 
moisture.  The  standard  deviations  of  the  SSM/I  brightness  temperatures  were  al.so  higher  in  the 
lower  frequencies,  as  expected  from  the  decreased  influence  of  scattering  at  the  lower 
frequencies. 

In  the  linear  regression  analysis,  the  Cp  statistic  was  used  to  determine  the  optimum 
multiple  linear  regression  models  for  each  surface  type  aggregate.  The  Cp  is  a  measure  cf  the 
total  squared  error  for  a  model  with  n  independent  variables  [8].  The  provides  a  measure 
of  the  error  variance  plus  the  bias  introduced  by  failing  to  include  significant  variahles  in  a 
model.  The  smallest  value  of  uie  Cp  siaiisiic  indicates  the  optimum  model,  but  the  subsets  that 
show  a  wide  divergence  between  the  Cp  values  are  indicative  of  useful  subset  sizes.  The  Cp 
values  are  in  Miller  [5]. 


TABLE  9. 19  MEAN  AND  STANDARD  DEVIATION  OF  THE  SSM/I  BRIGHTNESS 
TEMPERATURES  FOR  LAND  SURFACE  TYPES  USED  IN  THE  LAND 
SURFACE  TEMPERATURE  RETRIEVAL 


Variable 

MeanfK) 

Std.DevfKI 

19V 

275.6 

7.47 

258.0-290.6 

19H 

269.0 

8.06 

243.3-286.0 

22V 

275.5 

6.52 

260.2-289.2 

37V 

272.7 

6.82 

257.3-286.7 

37H 

267.6 

7.56 

240.1-284.5 

85V 

275.9 

5.56 

265.5-288.4 

85H 

272.9 

6.13 

255. a  286.0 

TEMP 

285.9 

5.09 

272.2-299.9 

c 


9.2  H  Results  and  Discussion 

Two  sets  of  results  will  be  presented;  with  and  without  the  85  GHz  channels  as  a 
con.sct;uence  of  the  degradation  of  the  85  GHz  channels  on  the  SSM/I  on  DMSP  F-8.  The 
priniai"y  data  set  used  for  the  analysis  was  from  days  231,  234,  235,  and  240  in  August,  1987 
when  the  85  GHz  channels  were  not  as  yet  degraded.  Consequently,  two  sets  of  algorithms  are 
developed-  In  the  event  that  the  loss  of  the  85  GHz  channels  degrades  the  capability  ro 
discriminate  between  land  surface  types,  four  categories  are  used:  agricultural/range,  dry  soil, 
moi?  soil,  dense  vegetation,  and  all  categories.  The  number  of  data  points  in  each  category  for 
the  Vv^estem  Desert  and  Central  Plains  test  areas  is  shown  in  Table  9.20. 


r 

c 


TABLE  9.20  NUMBER  OF  DATA  POINTS,  BY  CATEGORY,  FOR  PRINCIPAL 
COMPONENT  AND  MULTIPLE  LINEAR  REGRESSION  ANALYSIS  OF 
LAND  SURFACE  TEMPERATURE 


Surface  TVpe 

Western  Desert 

Central  Plains 

Total 

Dense  agric. /range 

317 

122 

439 

All  moist  soils 

955 

900 

1855 

Aii  dry 

399 

107 

«  w  * 

Dense  vegetation 

133 

6 

139 

All  types 

1804 

1135 

2939 

9.2.3. 1  Algorithms  Without  the  85  GHz  Channels 

The  results  of  the  regression  analysis  of  principal  components  for  all  land  surface  types 
in  the  Western  Desert  and  Central  Plaits  test  areas  are  contained  in  Table  9.21.  The 
independent  variable  was  land  surface  temperature,  as  inferred  by  screen  temperature,  at  time 
of  overpass.  The  five  eigenvalues  which  sum  to  5.0  correspond  to  the  five  SSM/I  channels  used 
in  this  investigation.  A  set  of  eigenvalues  of  relatively  sm^l  and  equal  magnitude  indicates  th  t 
the  multicollinearity  i.s  small,  which  is  not  the  case  with  the  SSM/I  brightnes.s  temperatures.  The 
cumulative  sum  of  the  variance  explained  is  1 .00.  The  first  factor  explains  nearly  90  percent 
of  the  varitUice  and  the  second  factor  explains  eight  percent.  The  p  level  is  very  low  for  all  five 
factors,  as  expected  due  to  the  intcrcorrelations. 
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TABLE  9.21  PRINCE’AL  COMPONENTS  ANALYSIS  FOR  AIX  LAND  SURFACE  TYPES 
FOR  19, 22,  AND  37  GHz  CHANNELS,  WESTERN  DESHJ'T  AND  CENTRAl. 
PLAINS  TEST  AREAS 


Factor 


i 

2 

2 

4 

5 

Eigenvalue 

4.47 

0.40 

0.08  8 

0.0319 

0.0115 

Cumulative 

0.894 

0.974 

0.991 

0.998 

1.000 

t  statistic 

46.24 

-48.54 

-8.05 

15.04 

-6.07 

p  level 

O.OQOI 

0.0001 

0.0001 

O.OTXH 

0.0001 

The  significarice  or  factor  loading  o  each  channel  witiiin  each  fk:tor  is  shown  in  Table 
9.22.  These  correlations  within  a  factor  hcl,  with  the  physical  explanation  of  the  factor.  Factor 
1  rqiresents  radiative  emission.  Although  all  correlations  are  high  (over  0.92),  the  19V  and  37V 
GHz  channels  have  the  highest  correlations.  This  is  expected  because  vertically  polarized 
radiation  is  affected  less  by  surface  moisture  and  reflections  from  ban*,  dry  soil  than  horizontally 
polarized  radiation. 


TABLE  9.22  CORRELATION  COEFFICIENTS  OF  THE  PRINCIPAL  COMPONENTS  FOR 
ALL  LAND  SURFACE  TYPES  FOR  19,  22,  AND  37  GHz  CHANhiELS, 
WESTERN  DESERT  AND  CENTRAL  PLAINS  TEST  AREAS 


Channel 

1 


19V 

0.9f6 

19H 

0.920 

22V 

0.943 

'^7V 

0.974 

.7H 

0.923 

Factor 


2 

2 

-0.215 

0.091 

0.346 

0.181 

-0.303 

o.aH 

4)  148 

-0.144 

0.347 

-0.157 

4 

5 

0.100 

0.055 

0.003 

-0.040 

0.133 

0.004 

-0.058 

-0.067 

0.07  * 

0.048 

Factor  2  is  a  polarization  difference  tenn,  as  indicated  by  the  opposite  signs  of  the 
correlations  in  the  vertical  and  horizontal  polarization  channels.  'IVo  sources  of  polarizaticn 


difference  in  radintion  emitted  from  land  surfaces  are  suifacc  moisture  and  reflection  from 
smooth,  dry  srrfaces  such  as  deserts.  As  surface  moisture  inc.  ';iscs,  the  cmiss’vity  decreases 
due  to  a  higher  dielectric  constant.  'I'nis  effect  is  frequency  dependent,  with  a  greater  effect  at 
the  low  frequencies,  llie  horiranlritly  polarized  brightness  temperatures  will  decrease  more  than 
the  vertically  polarized  brightness  tcrrqKratures.  The  net  cf^^cc!  cf  increased  soil  moisture  is  to 
decrease  the  brightness  temperatures  and  fo  increase  the  polarization  differences.  ITss  is 
consistent  with  the  principal  component  analysis  with  land  surface  temperature  as  the  dependent 
variable. 

A  second  source  of  polarization  difference  is  sky  and  cloud  reti  ction  from  bare,  di  v 
soils.  Deserts  are  identified  by  the  large  polarization  differences,  which  reached  30  C  at  19 
GHz  for  deserts  in  Africa  and  North  America.  As  the  land  surface  becomes  rougher  and  more 
vegetated,  the  polarization  difference  decreases  due  to  decreased  reflection.  A  principal 
components  analysis  for  the  Central  Plains  data  set,  without  the  bare  dry  soil  influence,  is 
presented  in  Tables  9,23  and  9.24.  The  value  of  the  eigenvalue  decrea.sed  from  0.40  to  O.U 
when  the  Western  Desert  was  exclurled  from  the  data  set.  The  airrelations  of  factor  2  with  all 
channels  also  are  lower;  attributed  to  the  decreased  influence  of  strong  polarization  differences 
from  bare,  dry  soils. 

Factor  tltree  is  characterized  by  positive,  but  low,  correlations  with  the  19  and  22  GHz 
channels  and  negative  correlations  for  the  37  GHz  channels.  Factors  4  and  5  are  characterized 
by  very  low  comelations  with  all  channels. 

iTm  f’fferts  of  atmospheric  water  vapor  and  cloud  and  precipitation  particles  do  not 
appear  to  have  a  major  influence  on  laitd  surface  temperature  retrieval  from  the  SSM/I 
brightness  temperatures.  The  percent  variance  explained  by  factors  3,  4,  and  5  is  very  low  when 
compared  to  the  variance  exphuned  by  the  emission  and  polarization  difference  factors.  This 
indicates  that  "egression  coefficients  to  correct  for  these  influences  for  land  surface  temperati  re 
retrieval  may  not  be  statistically  significant. 


TABLE  9.23  PRINCIPAL  COMPONENTS  ANALYSIS  FOR  ALf.  LAND  SURFACE  TYPES 
FOR  19,  22,  AND  37  GHz  CHANNELS,  CFiNTRAL  PLAINS  TEST  AREA 


Factor 


i 

2 

3 

4 

5 

Eigenvalue 

4.83 

O.ll 

0.03 

0.02 

0.005 

Cumulative 

0.967 

0.989 

0.995 

0.999 

1.000 

t  statistic 

51.96 

-2o..53 

12.25 

12.99 

7.06 

p  level 

0.0001 

0.0001 

0.0001 

0.0001 

0.0001 
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TABLE  9.24  CORRELATION  COEFTSCXENI’S  Ot  THE  PRINCITAL  COMPONENTS  FOR 
ALL  LAND  SURFACE  TYPES  FOR  J9,  22,  AND  .17  GHz  CHANNEUS, 
CENTRAL  PLAINS  lEST  ARE.A 


Channel 


A. 

19V 

0.993 

19H 

0.977 

22V 

0.979 

37V 

0.989 

37H 

0.079 

Factor 


'y 

fit 

3 

-0.076 

0.001 

0.081 

0.016 

-0.175 

0.075 

0.100 

-0.093 

0.172 

-0.089 

4 

5 

-0,085 

-0.040 

-0.028 

0.024 

0.079 

T).005 

-0.024 

0.044 

0.059 

-C.022 

The  principal  component  analysis  for  the  agricultural/rangc  land  surface  type  is  shown 
in  Tables  9.25  and  9.26.  Emission,  the  first  factor,  accounts  for  98.7  percent  of  the  variance 
and  a.U  channels  ane  very  highly  conelated  witli  this  factor  (over  0.98).  Because  the 
agricultural/range  land  surface  type  was  cliaracterized  by  low  polarization  difference,  the 
physical  interpretation  jf  the  second  factor  will  change.  The  19  GHz  channels  are  positively 
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A  principal  components  analysis  of  the  Central  Plains  data  set  shows  only  the  emissioti 
factor  to  be  significant  at  the  0.05  level,  as  shown  in  Tables  9.27  and  9.28.  The  correlatior..; 
are  over  0.99  for  all  channels.  This  suggests  that  a  single  channel  algorithm  could  be  used  for 
land  surface  temperaturs  for  this  land  surface  category. 


TABLE  9.25  PRINCIPAL  COMPONENl'S  ANALYSIS  FOR  AGRICULTURAI7RAN3E 
lAND  SURFACE  TYPES  FOR  19, 22,  AND  37  GHz  CHANNEL*?  WESTERN 
DESERT  AND  CENTRAL  PLAINS  TEST  AREAS 


Factor 


1 

2 

3 

4 

5 

Eigenvalue 

4.88 

0.054 

0.044 

0.014 

o.uio 

Cumulative 

0.975 

0  U86 

0.995 

0.998 

1.000 

t  statistic 

27.80 

-8.18 

-0.19 

-2.05 

2.20 

p  level 

0.0001 

0.0001 

0.8464 

0.0407 

0.0284 
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TABLE  9.26  CORRELATION  COEFFICIENTS  OF  THE  PRINCIPAL  COMPONENTS  FOR 
AORICULTURAURANGE  LAND  SURFACE  TYPES  FOR  19,  22,  AND  37 
GHz  CHANNELS,  WESTERN  DESERT  AND  CENTRAL  PLAINS  TEST 
AREAS 


Channel 

Factor 

1 

2 

2 

4 

5 

19V 

0.993 

0.062 

0.033 

-0.074 

-0.058 

19H 

0.983 

0.174 

0.012 

0.046 

0.031 

22V 

0.982 

-0.1 10 

0.151 

0.029 

0.007 

37V 

0.992 

-0.5)61 

-0.075 

-0.052 

0.067 

37H 

0.988 

-0.066 

-0.120 

0.053 

-0.046 

TABLE  9.27  PRINCIPAL  COMPONENTS  ANALYSIS  FOR  AGRICULTURAl/RANGE 
LAND  SURFACE  TYPES  FOR  19,  22,  AND  37  GHz  CHANNELS,  CENTRAL 
PLAINS  TEST  AREA 


Factor 


2  2  4  5 


Eigenvalue 

4.94 

0.028 

0.022 

0.008 

0.005 

Cumulative 

0.987 

0.993 

0.997 

0.999 

1.000 

t  statistic 

22.36 

-1.84 

1.91 

-1.59 

1.03 

p  level 

0.0001 

0.0681 

0.0584 

0.1145 

0.3039 

TABLE  9.28  CORRELA  HON  COEFFICIENTS  OF  THE  PRINCIPAL  COMPONENTS  FOR 
AGRICULTURAL/RANGE  LAND  SURFACE  TYPES  FOR  19,  22,  AND  37 
GHz  CHANNELS,  CENTRAL  PLAINS  TEST  AREA 


Cliannel 

Factor 

I 

2 

3 

4 

5 

19V 

0,997 

0.051 

-0.009 

-0.041 

-0.048 

19H 

0.992 

0.121 

0.001 

0.034 

C025 

22V 

0.991 

-0.053 

0.125 

0.002 

0.004 

37V 

0.996 

-0.044 

-0.055 

-0.050 

0  037 

37H 

0.994 

-0.075 

-0.061 

0.055 

-f..017 

The  principal  component  analysis  for  the  moist  soils  land  surface  type  is  presented  in 
Tables  9.29  and  1.30.  As  expected,  the  emission  term  was  fiactor  1  and  the  polarization 
difference  term  was  factor  2.  TTiese  terms  together  accounted  for  97.5  percent  of  the  variance. 
All  factors  were  significant,  however.  This  is  perh^s  a  result  of  correlations  between  land 
surface  types  and  atmospheric  conditions.  For  example,  when  the  land  surface  is  moist,  the 
atmospheric  water  vapoa'  and  cioud  water  content  may  have  more  of  an  effect  on  microwave 
emission  than  when  the  surface  is  dry. 


TABLE  9.29  PRINCIPAL  COMPONnENTS  ANALYSIS  FOR  MOIST  SOILS  L  VND 
SURFACE  TYPES  FOR  19,  22,  AND  37  GHz  CHANNE1.S,  WESTFJRN 
DESERT  AND  CENTRAL  PLAINS  TF.ST  AREAS 


Factor 


1 

1 

3 

4 

5 

Eigenvalue 

4.59 

0.283 

0.085 

0.028 

0.010 

Cumulative 

0.919 

0.975 

0.992 

0.998 

1.000 

t  statistic 

44.00 

-32.05 

-3.00 

13.31 

-5.52 

p  level 

O.OOOl 

0.0001 

0.0027 

0.0001 

0.0001 

i 
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TABLE  9.30  CORRELATION  CCEFHCEENTS  OF  THE  PRINCIPAL  COMPONENTS  FOR 
MOIST  SOILS  LAND  SURFACE  TYPES  FOR  19,  22,  AND  37  GHz 
CHANNELS,  WEST!  RN  DESERT  AND  CENTRAL  PLAINS  TEST  AREAS 


Channel 

Factor 

1 

2 

1 

1 

5 

19V 

0.974 

-0.185 

0.073 

-0.092 

0.055 

19H 

0.942 

0.273 

0.191 

0.000 

-0.034 

22V 

0.959 

-0.254 

0.028 

0.125 

0.00 

37V 

0.979 

-0.124 

-0.134 

-0.055 

-0.065 

37H 

0.937 

0.307 

-0.157 

0.025 

-0.041 

The  principal  components  and  correlations  for  the  dry  soils  land  surface  type  are 
presented  in  Tables  9.31  and  9.32  Four  factors  were  signiEcant,  including  emission  and 
polarization  difference,  but  thi.  first  three  factors  accounted  for  98.9  percent  of  the  variance. 
The  emission  and  polarization  difference  factors  were  apparent.  Factor  3,  characterized  by 
positive  correlations  between  the  factor  and  the  19  and  22  GHz  channels  and  negative 
correlations  with  the  37  GHz  channels.  wa.s  also  mesent. 


TABLE  9.31  PRINCIPAI.  COMPONENTS  ANALYSIS  FOR  DRY  SOILS  LAND 
SURFACE  TYPES  FOR  19,  22,  AND  37  GHz  CHANNELS,  WESTERN 
DESERT  AITO  CENTRAl.  PLAINS  TEST  AREAS 


Factor 


1 

2 

2 

5 

Eigenvalue 

4.39 

0.402 

0.155 

0.041 

0.015 

Cumulative 

0.877 

0.958 

0.989 

0.997 

1.000 

t  statistic 

12.32 

-2.76 

3.36 

2.75 

-1.73 

p  level 

0.0001 

0.0068 

0.0011 

0.0C71 

0.0859 
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TABLE  9. 32  CORRELATION  COEFFICIENTS  OF  THE  PRINCIPAL  COMPONENTS  FOR 
DRY  SOILS  LAND  SURFACE  TYPES  FOR  19,  2  AND  37  G.iz 
CHANNELS,  WESTERN  DF^ERT  AND  CENTRAL  PL/  LS  TEST  AREAS 


Channel 

Factor 

i 

2 

4 

5 

19V 

0.954 

-0.243 

0.122 

-0.110 

0.051 

19H 

0.920 

0.303 

0.244 

-0.004 

-0.054 

22V 

0.933 

-0.327 

0.028 

0.146 

-0.006 

37V 

0.962 

-0.084 

-0.240 

-0.071 

-0.065 

37H 

0.913 

0.372 

-0.149 

0.044 

0.064 

The  dense  vegetation  principal  component  analysis  and  the  correlations  with  the  factors 
are  shown  in  Tables  9.33  and  9.34.  Thi^  factors  were  significant  at  the  0.05  level.  As  v/ith 
the  agriailtural/range  land  surface  type,  the  dense  vegetation  cat^ory  is  characterized  by  a  very 
low  polarization  difference.  Consequently,  polarization  difterence  did  not  emerge  as  an  obvious 
factor  in  the  analysis.  Factor  2  was  characterized  by  negative,  but  small  correlation  coefficients 
with  the  19  snd  37  GHz  channels  and  a  higher,  positive  corrcutuoii  wiUi  uic  22V’  ciiannei.  The 


coefficient  of  determination,  however,  was  very  low.  Theoretically,  a  single  chaiuiel,  vertical 
polarization,  should  be  sufficient  to  retrieve  the  emitting  layer  temperature.  With  the  best  single 
channel,  the  22V,  the  coefficient  was  only  0.21.  With  all  five  channels,  the  coefficient  of 
determination  increased  to  0.29.  Addition  of  the  85  GHz  channels  in  the  regression  did  not 


TABLE  9.33  PRINCIPAL  COMPONENTS  ANALYSIS  FOR  DENSE  VEGETATION  LAND 
SURFACE  TYPES  FOR  19,  22,  AND  37  GHz  CHANNELS,  WESTERN 
DESERT  AND  CENTRAL  PLAINS  TEST  AREAS 


Factor 


i 

2 

2 

4 

5 

Eigenvalue 

4.65 

0.156 

0.097 

0.053 

0.039 

Cumulative 

0.931 

0.962 

0.982 

0.992 

1.000 

t  statist!^. 

5.92 

2.71 

0.14 

-3.25 

0.67 

TABLE  9.34  CORRELATION  COEFFICIENTS  OF  THE  PRINCIPAL  COMPONENTS  FOR 
DENSE  VEGETATION  IJVND  SURFACE  TYPES  FOR  19,  22,  AND  37  GHz 
CHANNELS,  WEST^IW  DESERT  AND  CENTRAL  PLAINS  TEST  AREAS 


Channel 

Factor 

i 

2 

2 

1 

5. 

19V 

0.967 

-0.038 

0.212 

-0.i25 

0.035 

19H 

0.966 

-0.180 

0.072 

0.169 

-0.007 

22V 

0.939 

0.339 

0.008 

0.061 

0.014 

37V 

0.981 

-0.030 

^.098 

-0.060 

-0.155 

37H 

0.970 

-0.080 

-0.192 

-0.041 

0  116 

imprt  ive  the  performance  statistics.  The  poor  performance  of  the  rstri'  val  algorithms  is  most 
likely  due  to  tlie  non-representative  ground  truth.  Virtually  all  of  the  dense  vegetation  land 
surface  types  were  in  the  n^iuntainous  areas  of  the  Western  Desert  test  area.  The  temperatures 
of  the  emitting  surfaces,  the  coniferous  tree  canopies  in  the  mountains,  are  not  represented  by 
the  nearest  climatological  station.  TTiese  stations  tend  to  be  in  lower  e!eyat*.'ns  along  rivar 
valleys. 

Factor  analysis  and  regression  of  the  principal  components  indicated  that  a  four  channel 
linear  regression  model  should  include  19V,  19H,  22V,  and  37H.  The  recommended  four 
channel  land  surface  temperature  retrieval  algorithm,  without  the  SS  GHz  channels,  based  on  the 
Cp  statistic  for  each  of  the  land  surface  types  is  given  in  Table  9.35.  It  is  interesting  to  note  that 
22V  was  the  single  channel  with  the  highest  correlation  with  the  surface  temperature  ground 
truth.  In  the  factor  analysis,  22V  did  not  have  the  highest  correlations  with  the  individual 
factors. 


As  discussed  previously,  the  estimated  variance  in  the  ground  truth  in  the  Western  Desert 
was  about  twice  that  of  the  Central  Plains.  Consequently,  the  algorithm  development  is  based 
on  the  Central  Plains  data  set,  with  the  addition  of  the  dense  vegetation  land  surface  type  from 
the  Western  Desert.  The  performance  statistics  of  the  recommended  algorithm  are  given  in 
Table  9.36.  The  coefficients  of  delcnmination  range  from  0.64  for  dry  .soil  to  0.81  for 
agricultural/range  land  surface  types.  The  root  mean  square  errors  are  around  2.5  C. 

9. 2. 3. 2  Algorithms  With  the  85  GHz  Channels 

The  results  of  the  regrcs.sion  analysis  of  principal  components  for  ail  land  surface  types 
for  the  Western  Desert  ruid  the  Central  1  .ins  is  contained  in  Table  9.37.  The  factors  will  not 
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TABLE  9.35  RECOMMENDED  LAND  SURFACE  TEMPERATTIRE  RETRIEVAL 
ALGORITHMS  WITHOUT  THE  85  GHz  CHANNELS 


Temp  (K)  =  Co  +  Ci*T19V  +  C2*TI9H  +  4  C^-TSTH 


Surface 

Type 

Co 

C, 

Ca 

Cs 

c, 

Dense  v^.  (STV) 

32.4 

0.31 

-0.26 

0.82 

0.04 

Ag/rangc  (ST^.) 

32.4 

0.31 

-0.26 

0.82 

0.04 

Moist  soils  (S'TML)* 

89.6 

-0.47 

0.01 

1.49 

-0.32 

Dry  soils  (STD) 

76.7 

-0.39 

0.31 

1.24 

-0.42 

All  types  (STA) 

83.7 

-0.49 

-0.02 

1.58 

-0.34 

'  Included  m  case  future  dry/moist  soils  differentiation  is  developed. 


TAUT  T:  Q  '1^  inCDCTOOAif  A  OT?  T  A  KTI^  CTIOUAr'U  TTiAiT  OKU  A  TT  TUi:: 

r~kA.jjL-«A^  X  wAvx  wii  xx-L^..  oOavjl  /  ax-^avxx  x^vj  x  a 

RETRIEVAL  A  .GORITKMS  ^VllHOUT  THE  85  GHz  CHANNELS 


Surface  Type 

(C) 

E2 

Dense  vegetation 

3.03 

0.27 

Agricultural/range 

2.61 

0  ?.l 

Moist  soils 

2.32 

0  '9 

Dry  soils 

2.43 

0  64 

All  types 

2.45 

correspond  identically  to  the  factot  s  witho;-  the  85  GH '  -'hannels,  due  to  the  natuie  of  principal 
conv-<onents  analysis.  However,  the  dominant  racU.rs  will  continue  to  have  physical 
explanation.s.  The  magnitude  of  the  eigenvalues  and  the  cumulative  v;uiancc  explained  by  each 
factor  indicates  that  there  is  relatively  little  variance  explaitied  by  the  third  through  seventh 
factors  (le.ss  than  two  i>ercent).  The  p  level,  however,  emains  very  low  for  all  factors,  as 
expected  from  the  intercorrelations  of  the  channels. 


i 


TABLE  9.37  PRINCIPAL  COMPONENTS  ANALYSIS  FOR  ALL  LAND  SURFACE  TYPES 
FOR  19,  22,  37,  AND  85  GH*  CHANNELS,  WESTERN  DESERT  AND 
CENTRA!.  PLAINS  TEST  AREAS 


Factor 


1 

2 

3 

4 

5 

Hgenvalue 

6.07 

0.48 

0.32 

0.07 

0.03 

Cumulative 

0.867 

0.936 

0.982 

0.992 

0.997 

t  statistic 

59.59 

-61.16 

7.37 

7.55 

4.96 

p  level 

0.0001 

0.0001 

0.0001 

0.0001 

0.0001 

Factor  1  has  a  high  positive  correlation  with  ail  channels,  as  shown  in  Table  9.38,  and 
is  therefore  interpreted  as  the  emission  factor.  The  o^rrelations  are  the  highest  for  the  19V, 
22V,  and  37V  channels,  as  expected  front  physical  considerations. 


TABLE  9.38  CORRELATION  COEFFICIENTS  OF  THE  PRINCIPAL  COMPONENTS  FOR 
ALL  LArlD  SURFACE  TYPES  FOR  19,  22,  37,  AND  85  GHz  CHANNELS, 
WESTERN  DESERT  AND  CENTRAL  PLAINS  TEST  AREAS 


Channel  Factor 


i 

2 

3 

4 

5 

19V 

0.948 

-0.098 

-0.289 

0.009 

-0.049 

19H 

0.892 

0.411 

-0.072 

0.166 

-0.029 

22V 

0.946 

-0.225 

-0.191 

0.038 

0.128 

37V 

0.977 

-0.091 

-0.096 

-0.144 

-0.060 

37H 

0.913 

0.372 

0.079 

-0.134 

0.033 

85V 

0.928 

-0,022 

0.361 

0.008 

-0.077 

85H 

0.914 

-0.318 

0.227 

0.069 

L.059 

The  correlations  between  factor  2  and  the  19  and  37  GHz  channels  indicate  that  factor 
2  is  due  primarily  to  polarization  difference.  The  85  GHz  channels  are  less  polarized  than  the 
other  channels  as  a  result  of  increased  surface  and  atmospheric  stcattering  and  a  lower  response 
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to  surface  moisture.  Factor  3  may  represent  a  cloud  factor,  due  to  tlie  relatively  higher  positive 
cojTclations  with  the  85  GHz  channels. 

Principal  component  and  correlation  analyses  for  the  Central  Plains  are  contained  in 
Figures  9.39  and  9.40  and  show  more  variance  explained  by  factor  1  and  a  higher  correlation 
of  all  channels  with  factor  1.  As  with  the  analysis  without  the  85  GHz  channels,  when  the 
analysis  is  performed  on  the  Central  Plains  data  set,  there  is  less  of  an  influence  of  the  strongly 

TABI.E  9.39  PRINCIPALCOMPONENTS  ANALYSIS  FOR  ALL l.AND SURFACEl’YPF.S 
FOR  19,  22,  37  AND  85  GHz  CHANNELS,  CENTRAL  PLAINS  TEST  AREA 

Factor 


1 

2 

2 

5 

Eigenvalue 

6.62 

0.25 

0.03 

0.02 

0.01 

Cumulative 

0.946 

0.981 

0.986 

0.  )88 

0.989 

t  statistic 

65.55 

37.95 

11.16 

-3.13 

3.71 

p  level 

0.0001 

0.0001 

0.0001 

0.0018 

0.0002 

TABLE  9.40  CORkEI.ATION  COEFFICIENTS  OF  THE  PRINCIPAL  COMPONENTS  FOR 
ALL  LAND  SURFACE  TYPES  FOR  19,  22,  37,  AND  85  GHz  CH/lNNELS, 
CENTRAL  PLAINS  TEST  AREA 


Channel  Factor 


i 

2 

2 

4 

19V 

0.987 

-0.068 

0.007 

0.035 

-0.037 

19H 

0.961 

-0.237 

0.118 

0  031 

0.001 

22V 

0.987 

0.069 

0.057 

-0.096 

0.012 

37V 

0.989 

-0.025 

-0.093 

0.023 

-0.001 

37H 

0.965 

-0.227 

-0.085 

-0.021 

0.034 

85V 

0.948 

0.311 

0.025 

0.051 

0.044 

85H 

0.970 

0.^83 

-O.OT  ■ 

0.020 

-0.050 

polarized  emission  from  dry  soils.  Consequently,  factor  2  appears  to  shift  from  polarization 
difference  uue  to  dry  soils  and  surface  moisture  to  an  overall  moisture  term.  This  could  include 


r 

n 


surface  moisture,  cloud  water,  and  atmospheric  water  vs^r.  Factors  3  through  7,  although 
significant,  account  for  less  than  two  percent  of  the  variance.  The  very  low  correlations  of  the 
SSM/I  channels  with  these  factors  renders  physical  inteipretation  more  precarious.  The 
interpretation  of  the  physical  rationale  for  ss?ch  of  the  factors  in  tJie  principal  component  analysis 
is  similar  to  that  of  the  analysis  without  the  85  GHz  channel.  The  additional  data  is  contained 
in  Miller  [5]. 

Tabic  9.41  contains  a  comparison  of  tire  perfonnance  of  the  land  surface  retrieval 
algorithms  with  and  without  tlie  85  GHz  channels.  In  general,  the  incorporation  of  the  85  GHz 
channels  improved  the  algorithm  performance.  The  improvement  in  root  mean  square  error  was 
about  ...5  C,  with  a  corresponding  increase  in  coefficient  of  determinaticri  of  0. 1 .  The  principal 


TABLE  9.41  COMPARISON  OF  STATES  nCS  FROM  PRINCIPAI.  COMPONENT 
ANALYSIS  FOR  SELECTED  LAND  SURFACE  TYPES  AND  TEST  .^REAS 
WriH  AND  VVrrHOlJT  R’ICLUSION  of  THE  85  GHz  CHANNELS 


Without 

With 

Without 

W  th 

bimz 

31<im 

S5.:iHz 

S5_GHz 

All  surfaces 

WD 

3.79 

3.17 

0.64 

0.72 

2.05 

0.77 

0.70 

All 

3.o7 

3.18 

0.62 

0.72 

Agric./range 

WD 

CP 

2.32 

2.37 

0.50 

0.85 

All 

3.00 

i.n 

0.66 

0.71 

Moist  soils 

WD 

3.87 

3.45 

0.64 

0.71 

CP 

2.30 

1.80 

0.80 

0  88 

All 

3.53 

2.9?. 

0.63 

0.74 

Dry  soils 

m 

3.9... 

3.39 

0.54 

0..55 

CP 

A!1 

2.44 

2A1 

3.47 

0.64 

e.64 

0.53 

Dense  veg.  ation 

WD 

..^.92 

2.93 

0.32 

0.33 

9-59 


component  statistics  will  not  be  in  exact  agreement  witli  the  statistics  of  the  multiple  linear 
regression,  but  will  be  sufficiently  similai'  for  a  conclusion,  llie  85  GHz  channels  improve  the 
accuracy  of  the  land  surface  temperature  retrieval  algorithm.  If  the  85  GHz  channels  are  not 
available  for  accurate  classification  of  land  surface  type,  an  aggregation  of  all  surface  types  leads 
to  an  RMSE  of  about  3.7  C.  Scatter  plots  of  the  land  surface  temperature  calculated  with  the 
recommended  algorithm  with  the  minimum  air  temperature  show  a  linear  dependence  [6]. 

Optimum  model  selection  based  on  the  Cp  statistic  for  all  land  surface  types  is  shown  in 
Table  9.42.  Tire  85V  is  the  single  channel  model  with  the  highest  coefficient  of  determination 


TABLE  9.42  MULTIPLE  LINEAR  REGRESSION  MODEL  FOR  ALL  CHANNELS  FOR 
RETRIEVAL  OF  LAND  SURFACE  TEMPERATURE  FOR  ALL  LAND 
SURFACE  TYPES 


Channels  in  Regression  Model 

Cr 

e! 

22V 

1213. 

0.666 

85H 

978. 

0.700 

85V 

380. 

0.784 

85V 

19V 

181. 

0.813 

^  0  yr 

«  ^  A 

i  JO. 

0.819 

85V 

37H 

116. 

0.822 

85V 

19V 

22V 

89.1 

0.827 

85V 

37H 

22V 

70.5 

0.829 

85V 

37V 

22V 

58.3 

0.831 

85  V 

37V 

22V 

19H 

28.6 

0  835 

85V 

37H 

22V 

19V 

17.0 

0.837 

85V 

37H 

22V 

37V 

15.7 

0.837 

85V 

37H 

22V 

37V 

85H 

13.9 

0.838 

85V 

37H 

22V 

19V 

19H 

8.1 

0.839 

85V 

37H 

22V 

37V 

19V 

7.2 

0.839 

85  V 

37H 

22V 

i9V 

19H 

85H 

8.9 

0.839 

8.5V 

37H 

22V 

37V 

19V 

85H 

8  4 

0.839 

85V 

37H 

22V 

37V 

19V 

19H 

6.9 

0.839 

n5V 

37H 

22V 

37V 

19V 

I9H  85H 

8.0 

0.839 
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and  lowest  value  of  the  Cp  statistic,  in  contrast  to  the  22V  of  the  analysis  without  the  85  GHz 
channels.  The  coefficients  of  detemtination  indicate  that  only  two  or  throe  terms  in  the 
regression  equation  are  sufficient  to  produce  essentially  tl«e  same  value  as  the  full  seven  term 
model.  This  is  due  to  the  multicollinearily  of  the  channels. 

A  larger  ground  truth  data  set  was  assembled,  but  the  areas  and  dates  remained  the  same 
as  previously,  to  compare  algorithm  perfonnance  with  and  mtliout  the  85  GHz  channels. 
Additional  data  from  days  50,  51,  53,  56,  57,  and  59,  1988  were  included  as  an  independent 
data  set.  A  multiple  linear  regression  analysis  on  the  Central  Plains  and  Western  Desert  data 
for  days  231,  234,  235,  and  240,  1987  was  conducted  for  all  land  surface  typ>es  except  snow, 
rain,  and  standing  water,  'fhe  coefficients  of  determination  ranged  from  0.15  for  dense 
vegetation  to  0.86  for  vegetation  with  some  water  present.  The  RMSE’s  ranged  from  1.87  C 
for  vegetation  with  some  wat  present  to  3.58  C  for  dense  vegetation.  The  lower  statistics  for 
the  dense  vegetation  may  be  more  of  a  function  of  the  variance  between  the  surfaa;  temperature 
observations  and  the  temperature  of  the  emitting  canopy  than  of  the  site  to  site  or  day  to  day 
variance;  of  the  brightness  temperatures.  The  same  land  surfac.e  type  categories  were  constructed 
as  previously.  A  multiple  linear  regression  analysis  was  performed  for  each  category  with  the 
Central  Plains  data  set.  The  cliarmels  that  are  optimal,  based  on  the  Cp  statistic  and  the 
statistical  significance  of  the  regression,  are  presented  in  Table  9.43  for  Uie  Central  Plains  data 
set  only.  The  85V  and  37V  channels  are  dominant,  followed  by  the  22V  and  19V  channels. 
However  the  85V,  37V,  22V,  and  19H  channels  were  selected  for  a  four  channel  retrieval 
algorithm.  The  coefficients  of  determination  showed  essentially  no  change  from  the  optimal 
channels.  The  rccomnieriueu  fom  channel  iarn  surface  retrieval  aigonthrn,  with  the  85  GHz 
channels,  for  each  of  the  land  surface  types  is  given  in  Table  9.44.  The  performance  statistics 
are  given  in  Table  9.45. 


TABLE  9  43  OPTIMUM  MODELS  FOR  LAND  SURFACE  TEMPERATURE  RETRIEVAL 
FROM  THE  19,  22,  37,  AND  85  GHz  CHANNELS,  BASED  ON  THE  COO 
STATISTIC,  CENTRAL.  PLAINS  TES  T  AREA 


I^nd  surface  tvoe 

C. 

Agricultural/ range 

0.90 

Moist  soils 

6.23 

Dry  soils 

3.55 

All  types 

5..55 

Chapels 


85V 

37H 

85V 

37V 

22V 

37H 

22V 

85V 

37H 

85V 

37H 

22V 

19V 

E! 

alLeiL 

0.812 

0.817 

19V 

19H  0.851 

0.851 

0.622 

0.634 

19H 

0.791 

0.793 
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TABLE  9.44  RECOMMENDED  LAND  SURFACE  TEMPERATURE  RETRffiVAL 
ALGORITHMS  WITH  THE  85  GHz  CHANNELS 


Temp  (K)  -  Co  +  Cj*T19H  +  +  C,’n37V  +  C4‘*T85V 


Surface 

T^pe 

Co 

C, 

£4 

Dense  vt®.  (aSTV) 

24.94 

-1-2784 

0.8800 

0.5933 

0J299 

Ag/range  (STL) 

6.97 

-0.6266 

0.2716 

-0.1297 

1.4820 

Moist  soils  (STML) 

23.  i  6 

-0.1873 

0.5221 

^.6271 

1.2320 

Dry  soils  (STD) 

Ail  t>TJCs  (STA)’ 

72.68 

-0.4598 

0.5984 

-0.8828 

-0.2623 

26.46 

-0.3133 

0.7327 

-0.4469 

0.9540 

'  Can  be  used  if  above  four  types  cannot  be  difTerentiated. 


TABLE  9 .45 


M  a  ww  V  A  a  raav^aia  ..aaa^aa  a 

fKwa/\fMi..D  vjr  KX»..cfivu«aci^L/iiiy  ouivTAVaC.  i  csjviniKA  I  ukxv 

RETRIEVAL  ALGO  JTHMS  WITH  THE  85  GHz  CHANNELS 


Sjrte  Type 

U 

RMSECQ 

Ba 

Dense  Veg. 

68 

3.45 

0.21 

Ag/range 

237 

2.69 

0.77 

oist  soils 

1230 

2.78 

0.76 

Dry  soils 

229 

3.60 

0.46 

All  types 

1764 

3-14 

0.71 

1.  Algorithms  should  be  impleiiM^ated,  with  or  without  the  85  Ghz  channels,  for  land 
surface  t.  mperatuie  retrieval. 

2.  Dei.se  vegetation  will  have  the  sanu*  coefficients  as  agrictilUual  and  range  lands  for 
the  algorithms  to  be  used  whf;«  tlic  85  GHz  c-harmeis  a^  not  available. 


3.  If  the  land  sni-fa^t,  classificaiion  is  degiaded  due  to  tJie  loss  of  the  85  Gh^  chr  inels,  ^ 

an  all  surface,  types  land  surface  temperature  retrieval  algorithm  should  be  implemr<(t<xi  c. 

4.  Algorithms  shoulc  be  deferred  far  surface  temperatures  for  cloudy  land,  snow,  cloudy  - 

snow,  arid  glacial.  c; 

Additional  research  should  include  digital  thermal  infrared  surface  temperatures  under 
clear,  relatively  dry  sky  conditions  as  the  ground  trath.  The  logical  source  of  this  irformation 
is  from  the  Operational  Line  Scanner  (OLS)  on  the  DMSP  satellite.  The  major  difficulty  to  date 
with  the  use  of  OLS  thermal  data  as  ground  truth  lor  the  SSM/1  surface  temperature  retrieval 
is  the  difficulty  in  assigning  a  latitude  and  longitude  for  each  OLS  pixel  (the  operational  uses  of 
the  OLS  data  are  based  on  visual  interpretation  of  the  images)  and  mciging  this  information  with 
the  SSM/I  information.  The  use  of  OLS  data  under  near-ideal  conditions  will  facilitate  the 
calibration  of  algorithms  for  surfice  conditions  of  dense  vegetation  and  forest  areas,  mountainous 
areas,  and  areas  with  a  low  density  of  surface  weather  stations.  Particularly  with  areas  of  dense 
vegetation  and  forests,  the  thermal  infrared  channel  will  provide  a  source  of  giound  truth  that 
is  representative  of  the  emitting  surface.  The  variance  of  the  ground  truth  may  also  be 
determined  for  all  land  surface  typ.:s  and  locations.  The  algorithms  developed  are  intended  for 
use  on  both  ascending  and  descending  passes  with  the  knowledge  that  a  bias  will  be  inlierent 
with  the  descending  pass  (late  afternoon)  retrieval.  Tliis  bias  can  be  determined  with  the  use  of 
OLS  thermal  infrared  data. 

An  additional  recommendation  is  to  use  SSM/I  land  surface  temperature  data  in  the 
retrieval  of  atmospheric  pronies  with  other  sensors  on  the  DMSP  saieilite  series. 
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V.3  SlIUrACl-  MOISTURII  AlXiORITHMS 


c- 


. 3 . !  Algorithm  Pcvclopment  Rationale  and  Background 

rv 

c* 

Free  water  in  pores  of  soil  suttace  layers  will  lower  the  emissivity  of  those  layers  due 
to  the  increase  in  the  soil  permiilivity.  'Fhe  results  of  several  field  experiments  have  generally 
shown  a  linear  relationship  between  normalized  brightness  temperature  and  soil  moisture 
expressed  either  on  a  gravimetric  or  percent  of  field  capacity  basis  [1],  [2],  [3].  Wang  et  al. 

[3]  also  showed  a  linear  relationship  between  normalized  brightness  temperatures  and  the 
volumetric  water  content  in  the  top  10  cm  layer  of  soils  at  different  frequencies  (1.4,  5  and  10.7 
GHz.)  The  linear  variation  of  biightness  temperatures  at  a  particular  wavelength  with  the 
volumetric  moisture  content  of  the  soil  will  be  approximately  ihc  same  for  most  soil  texture 
types. 


Emitted  microwave  brightness  temperatures  have  also  ba  n  correlated  to  estimates  of 
surface  moisture  such  as  the  antecedent  precipitation  index  (API)  [4J,  [5],  [6].  High  correlations 
were  found  at  several  frequencies  including  !9  GHz  and  37  GHz.  Recent  studies  by  Choudhury 
et  al.  [71  and  Owe  et  al.  [8]  have  also  used  the  API  as  a  measure  of  soil  surface  wetness  and 
incorporated  soil  evaporation  in  the  estimation  of  the  recession  coefficient. 


Several  physical  factors  affect  the  sensing  of  soil  moisture  at  different  microwave 
frequencies.  At  short  wavelengths,  most  of  the  brightness  temperature  contributions  from  a  soil 
are  emitted  by  a  shallow  layer  at  the  soil  surface.  For  a  wet  soil,  this  moisture  sensing  depth 
is  on  the  order  of  ten  percent  of  the  wavelength.  This  would  represent  an  emitting  layer  of  only 
a  couple  of  millimeters  at  the  19.35  GHZ  (1.55  cm)  channel  of  the  SSht/I.  Sod  surface 
roughness  and  texture  also  affect  the  measured  brightness  temperatures  by  decreasing  the 
sensitivity  to  soil  moisture.  This  was  shown  to  be  the  case  by  Wang  et  al.  [3}  and  Newton  and 
Rouse  [9]  for  several  microwave  fiequencies. 


Vegetation  cover  will  also  decrease  the  sensitivity  to  soil  moisture  due  to  self  emission 
as  well  as  scattering  and  de-polarization  of  microwave  radiation  emitted  by  the  soil.  Several 
studies  have  indicated  that  longer  wavelengths  can  better  penetrate  vegetation  cover  and  therefore 
are  better  suited  for  soil  moisture  sensing.  Vegetation  effects  on  microwave  sensitivity  to  soil 
moisture  have  been  studied  and  discussed  by  Wang  et  al.  [10],  Burke  and  Schinugge  [11],  Theis 
and  Blanchard  [12]  and  Ulaby  et  al.  [13]. 


The  short  wavelengths  of  the  SSM/I  will  result  in  a  small  soil  penetration  depth  a.,  well 
as  a  reduced  sensitivity  to  surface  moisture  if  any  vegetation  is  present  above  the  soil  surface. 
In  addition,  the  large  SSM/I  footprint  sizes  will  lead  to  the  introduction  of  noise  due  to  surface 
type  variability  as  well  as  the  random  nature  of  precipitation  occurrences  and  s^xitial  patterns  at 
tisat  scale.  For  these  reasons,  the  correlation  of  SSM/I  variables  based  on  brightness 
temperatures  witli  an  antecedent  precipitation  index  was  deemed  the  best  approach  for  moisture 
retrievals  at  the  soil  surface. 
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9.3.2  Methodology 


9.3.2. 1  Passive  Microwave  Data 

SSM/I  overpasses  over  the  Central  Plains  and  Western  areas  of  the  United  States  were 
selected  aced  on  the  potential  presc*.nce  of  surface  moisture.  This  was  determined  by  loc^ng 
storm  systems  with  significant  precipitation  on  daily  and  weekly  weather  maps  published  by 
NOAA.  Only  large  ^ntal  systems  were  selected  us  small  convective  storms  can  be  a  source 
of  error  due  to  the  spatial  resolution  of  the  sensor  and  the  relatively  sparse  distribution  of 
weather  stations  at  that  scale.  The  SSM/I  data  were  ordered  to  cover  a  time  period  ranging  from 
1  or  2  days  before  the  storm  to  several  days  after  it.  In  this  way,  it  was  possible  to  d^ect 
abrupt  changes  in  surface  moisture  on  the  day  of  the  storm  and  the  subsequent  dry-down  period. 
SDR  brightness  temperatures  over  the  area  of  interest  were  downloaded  to  disk  using  software 
supplied  by  NRI^  for  the  VAX  VMS  operating  system.  TTie  data  were  tlien  submitted  to  a  set 
of  programs  developed  at  Texas  A.&M  University  which  removed  header  records  and  prepa  d 
the  data  for  the  surface-type  classification  expert  system  program  [14)  The  classification  scheme 
as  described  in  section  9. 1  determined  the  major  surface  types,  i.e. ,  water,  snow,  and  dry  and 
wet  soil  surfaces  as  well  as  vegetation  densities  based  on  average  polarizations  in  the  19.35  GHz 
and  37.0  GHz  channels.  Classified  footprints  were  gridded  to  0.25  degree  latitude/longitude 
cells  which  contained  the  seven  brightness  temperatures  and  a  surface  type  classification  code. 
Because  the  distance  between  concentric  A-scan  footprints  of  the  SSM/I  is  on  the  order  of  0.25 
degrees  at  mid-latitudes,  most  of  the  time  only  one  footprint  was  placed  in  each 
latitude/longitude  0.25  grid  cell. 

9. 3.2.2  Ground  Truth  Data 

Climatic  data  used  as  "ground  truth"  in  this  study  covered  a  period  from  July  to  Octeber 
1987  and  January  to  December  1988  and  consist^  of  daily  maximum  and  mimmum 
temperatures  and  precipitation  amounts  from  the  cooperative  network  of  weather  stations 
operated  by  NOAA.  The  data  t«^  s  were  ordered  from  NOAA  and  were  downloaded  to  disk 
using  a  VAX  mainframe  computer  with  special  software  developed  for  this  purpose.  The 
climatic  variables  for  each  weather  station  were  gridded  to  0.25  degree  latitude/longitude  cells 
for  the  entire  USA  and  for  each  calendar  day  of  the  year.  If  more  tlian  one  weather  station  were 
present  in  a  paiticular  grid  cell,  the  values  for  each  climatic  variable  were  averaged. 

Daily  antecedent  precipitation  index  (API)  values  were  calculated  for  each 
latitude/longitude  cell  based  on  the  available  temperature  and  precipitation  data.  The  API  was 
calculated  as: 


APIi  =  (API,.,  +  Pd*  K  (1) 

wh  K  is  the  recession  coefficient,  P  is  the  effective  precipitation,  and  ,  and  represer*-  the 
cu.  t  and  preceding  days  respectively. 
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Two  methods  of  estimating  tlie  lecession  coefficient  (K)  were  used:  (1)  a  method 
proposed  by  Wiike  and  McFarland  1^6]  where  the  K  factor  was  allowed  to  vary  between  a 
minimum  of  0.70  in  the  summer  and  a  maximum  of  0.92  in  the  winter  to  account  for  seasonal 
changes  in  evaporation  potential,  and  (2),  a  K  factor  described  by  Choudhury  et  al.  [7j: 


K;  =  exp(-E,/W J 


(2) 


where  ^  is  the  e\'aporation  on  day  i  and  is  the  maximum  dq)th  of  soil  water  available  for 
evt^ration. 


As  stated  by  Choudhury  et  al.  [7],  the  magnitude  of  W.  is  uncertain  because  )f  the  small 
sampling  dqpth  at  microwave  frequencies.  They  concluded  based  on  a  sensitivity  analysis  that 
the  correlations  between  brightness  temperature  and  API  consistently  increased  as  W„  is 
decreased.  Due  to  the  small  moisture  sensing  d^th  at  19.35  GHz  and  the  empiricaL  nature  of 
the  above  mentioned  equation,  five  recession  cc>efficients  were  computed  for  values  of  W„  equal 
to  5,  7.5,  10,  15,  and  20  mm  which  resulted  in  five  API  values  with  notation  APIj,  API2,  API3, 
API4,  and  API5.  The  notation  API.  was  used  for  the  API  estimated  using  the  recession 
coefficient  proposed  by  Wjlke  and  McFarland  [6].  Because  the  API  value  for  a  given  day  at  a 
given  grid  cell  location  d^)ends  on  the  API  of  the  previous  day,  missing  records  in  weather  data 
files  were  checked  and  reported  in  the  ouqrut  file  as  number  of  days  since  last  missing  record. 
If  for  a  given  grid  cell  location  on  a  given  day,  the  precipitation  data  were  available  but  no 
temperature  data  were  reported,  an  estimate  of  the  maximum  and  minimum  temperatures  for  that 
grid  cell  was  obtained  by  averaging  data  from  surrounding  cells.  This  was  accqptable  because 

13  a  acuiA?  dpaiuuiv  \AAii3i./i  v«a.u  vv  votiauiw  auiu33  diiiUAiu  i^Ac;vaLiuiUk.  x'Uft  uiCM? 

a  flag  was  set  in  the  output  file  in  order  to  allow  furthtr  screening  of  those  data  if  their 
reliability  was  questioned  during  the  analysis.  An  additional  variable  calculated  for  each  grid 
cell  was  the  number  of  days  since  the  last  rainfall  event.  In  This  way  its  significance  in  the 
algorithm  development  could  be  evaluated. 


The  potential  evaporation  or  evapotianspiration  was  computed  using  the  Hargreaves 
equation  [15].  This  equation  was  selected  because  it  required  input  data  which  were  readily 
available  such  as  the  day  of  the  year,  the  latitude,  and  daily  minimum  and  maximum 
temperatures.  The  Hargreaves  equation  is  in  good  agreement  with  the  Penman  equation  in 
relatively  dry  climates  with  no  or  moderate  wind.  The  H'Ugieaves  equation  can  be  written  as: 


ETP  =  0.0023  Ra  (TC  +  17.8)  TD®  * 


(3) 


where  FfP  is  the  potential  evapotranspiiation  for  grass  in  mm/day,  Ra  is  the  extraterrestrial 
solar  radiation  in  mm/day,  TC  is  given  by  (Tmax  +  Tniin)/2  (Avwage  Daily  Temperature),  TD 
is  given  by  (Tmax  -  Tmin),  Tmax  is  the  maximum  daily  temperature,  and  Tmin  is  the  minimum 
daily  temperature. 
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The  extraterrestrial  radiation  can  be  expressed  as  a  function  of  the  latitude  and  tlte  day 
of  the  year: 


Ra= 


9167.32  ES  [OM  sin(Lat)  siniPEQ  *co3  (Lat)  CiO&  {DEO 

'  596-0. 55rC 


(4) 


whek.’: 

Lat  =  latitude  of  the  location  in  radians, 

DEC  =  0.40876  cos(0.0i72142  (  J  -I-  192)), 

J  day  of  year, 

ES  =  1.00028  +  0.03269  cos(0.0172142  (J  +  192)), 

OM  =  Arc.cos  (-tan(Ijit)  tan(DEC)). 

The  latitude  of  the  lower  right  hand  comer  of  each  grid  cell  was  used  as  the  latitude 
value  in  this  equation.  Other  ground  truth  data  used  consisted  of  the  Major  Resource  Regions 
and  MajOr  Land  Resource  Areas  of  the  United  States  (MLRA)  by  the  Soil  Omse)  vadon  Savice 
[16j.  This  land  classification  scheme  groups  areas  tith  similar  soils,  natural  vegetation,  climate, 
and  topography  and  arsigns  a  code  number  to  each  area.  These  code  numbers  were  also  gridded 
to  0,25  degree  cells. 

9. 3. 2. 3  Regression  Data  File  Preparation 

Gridded  classified  SSM/I  files  were  merged  with  griddtd  API  files  for  the  appropriate 
dates  and  overpasses  with  a  computer  program,  resulting  in  output  1  les  which  contained  primary 
data  for  statistical  regression.  TTie  implied  assumptions  with  the  form  of  tlic  API  equation  used 
(Equation  1)  were  that  no  evapotranspiration  occurred  during  the  night  and  that  the  precipitation 
events  occurred  between  12  am  and  6  pm.  Therefore,  the  morning  overpass  gridded  SSM/I  files 
were  merged  with  the  gridded  API  file  for  the  previous  day  while  afternoon  overpasses  were 
merged  with  API  files  for  the  same  day.  If  no  API  data  were  available  for  a  particular  0.25 
degree  cell,  data  from  that  cell  were  omitted  in  the  output  daily  regression  file.  The  merged 
daily  regression  files  contained  the  latitude/longitude  location  of  each  grid  ceil,  the 
corresponding  seven  measured  brightness  temperatures,  the  classified  surface  type  code,  the 
surface  temjK^rature,  the  precipitation  amount  for  Uie  day,  the  number  of  days  since  the  ]a.st 
rainfall  event  for  that  location,  the  MLRA  region  code,  missing  data  flags  and  6  estimated  API 
values.  All  gridded  daily  files  were  >hen  transferred  from  the  VAX  to  a  microcomputer  via 
KERMIT  for  further  preparation. 

A  computer  progr  m  was  written  for  the  PC  to  read  these  files  and  search  for  locations 
witli  high  API  values  in  order  to  confirm  on  independent  weather  maps  that  storms  actually  (lad 
occurred.  A  second  computer  p  ogram  screened  the  regression  fi  os  with  the  purpose  of  building 
time  series  for  a  given  MLRA  region  (MLRA  region  files)  which  included  data  prior  to  the 
storm  as  well  as  for  the  dry  down  period  after  the  storm.  In  this  procedure,  grid  cell.c  with  at 
least  one  high  Al  l  value  were  detected  and  tagged  during  the  successive  reading  of  ail  input 
files.  Ihe  average  polarization  n  the  19  GHz  and  37  GHz  channel:  was  calculated  for  dry 
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surface  conditions  just  prior  to  the  storm  in  order  to  further  categorize  vegetation  cover  densit- 
for  the  tagged  grid  cells.  During  a  second  reading  of  the  input  files,  time  series  for  grid  cells 
with  at  least  one  high  API  value  were  created  and  the  data  placed  in  different  MI..RA  sub-region 
output  files  according  to  vegetation  of  the  dry  cell.  A  maximum  of  six  possible  output  files 
(MLRA  sub-region  files)  were  created  for  each  MLRA  region  according  to  vegetation  cover 
density  for  the  period  of  analysis.  The  six  inititJ  classes  corresponded  to  average  polarizations 
in  the  19.35  GHz  and  37.0  GHz  of:  (6)  less  than  4  K,  (5)  between  4  and  6  K,  (4)  between  6  and 
8  K,  (3)  between  8  and  10  K,  (2)  between  10  and  12  K  and,  (1)  greater  than  12  K. 

9. 3.2.4  Data  Analysis 

The  regression  analysis  was  conducted  on  MLRA  sub-region  files  grouped  according  to 
vegetation  density  class.  The  ground  truth  variables  consisted  of  the  6  API  values  while  the 
SSM/I  variables  consisted  of  several  forms  of  normalized  brightness  temperatures  and  apparent 
emissivities.  Apparent  emissivities  were  obtained  for  each  channel  by  dividing  the  brightne.ss 
temperatures  b  '  the  surface  physical  temperature.  As  simultaneous  OLS  surface  temperature 
data  were  not  available,  the  measured  air  temperature  at  the  time  of  the  overpass  was  •v'd.  Air 
temperatures  can  be  fairly  good  substitutes  under  stable  climatic  conditions.  For  ascending 
overpasses,  the  minimum  air  temperature  was  used  as  it  usually  occurs  close  to  6  ajii  in  a  semi- 
arid  environment.  For  descending  overpasses,  the  temperature  at  6  pm  was  predicted  using  a 
sinusoidal  curve  adjustment  based  on  maximum  and  minimutn  temperature  for  t?  e  day  [17]. 

For  best  ooerational  use.  the  surface  moisture  algorithms  ideallv  should  be  based  solelv 
on  SSM/I  brightness  temperatures  without  requiring  any  additional  ground  information.  Because 
both  vertically  and  horizontally  polarized  brightness  temperatures  are  influenced  by  the  physical 
soil  and  vegetation  temp)eratures  in  the  same  way,  but  vary  in  magnitude  with  moisture  (at  the 
53®  incidence  angle  of  the  SSM/I),  normalize  brightness  temp)erature  ratios  consisting  of 
horizontal  channels  divided  by  the  vertical  channels  were  tested  as  well.  As  it  will  be  seen  later 
in  the  analysis  section,  the  T19H  GHz  channel  was  found  to  be  the  most  sensitive  to  surface 
moisture.  The  following  SSM/I  variables  were  tested  : 

1)  T,„ 

2)  T|9i  /  Tjhy, 

3)  T,9,  /  T,9, 

Tl9h  !  T37y 

5)  T,,^  /  [0.5*(T,9y  +  T,7y)]. 


As  previously  mentioned  in  section  9.3.  i,  most  of  the  correlations  between  microwave 
emission  versus  surface  moisture  have  been  explained  by  linear  relationships.  This  was 
examined  in  the  data  analysis  by  using  the  following  mixlels: 


X  -  /3o  f  /3,  API 


I  LU 


where: 

API  =  Antecedent  Precif  station  Index  (API„,  API,,  or  API5), 

X  =  brightness  temperature,  apparent  emissivity, 
or  normalized  temperature  ratio, 

jSo,  01  =  regression  coefficients. 

The  second  model  tested  was  a  logarithmic  tranitformation  of  die  API  values  versus  the 
radiometric  data: 

X  =  /3o  +  <3,  In  .  API) 

The  thii'd  model  correlated  the  SSM/l  variable  with  estimated  reflectivity  coefficients 
obtained  by  transforming  API  values  using  a  simple  radiative  transfer  model: 

X  =  /3o  +  »s, 

The  radiative  transfa*  equation  was  defined  in  section  9.1  and  the  assumptions  involved 
are  described  by  IPaby  et  al.  [18].  In  this  procedum,  volumetric  foil  moisture  values  were 
estimated  from  API  values  using  6^  =  API.  The  value  of  the  coefficient  was 
determined  by  looking  at  its  effect  on  the  goodness  of  the  fit  of  the  linear  model.  The  soil 
dielecrjic  constant  can  be  estimated  from  the  volumetric  soil  moisture  content  using  an  empiriol 
ec|i’ation  proposfid  by  Hallikainen  st  al.  [19]: 

Cf  —  (ao  +  2,5  +  a^C)  +  (bo  +  b,S  +  bjC)  +  (c©  +  C|S  -P  CjC)  8^  (5) 


where: 

-  volumetric  soil  moisture  content, 

S  —  sand  content  in  %, 

C  =  clay  content  in  %, 
a,b,c  =  empiri.cal  coefficients. 

Hallikainen  et  al.  [19]  provide  values  for  the  empirical  coefficients  to  determine  the  real 
and  imaginary  part  of  tlic  dielectric  constant  for  frequencies  between  1.4  GHz  and  18  GHz. 
They  showed  that  as  the  frequency  increases,  the  soil  dielectric  const,  mt  versus  soil  moisture 
relationship  is  less  sensitive  to  soil  texture-  At  18  GHz  the  inHuence  is  minimum.  For  this 
study,  tlte  empirical  dielectric  btdiavior  at  18  GHz  was  assumed  to  be  applicable  to  the  19.35 
GHz  which  was  the  SSM/I  frequency  selected  for  the  soil  moisture  algorithm  development. 


The  real  and  imaginaj  y  parts  of  the  dielectric  constant  were  then  used  to  estimate  the 
sj’  xular  reflectivity  coefficient  alier  the  trigonometric  transformation  of  the  following  equations 

m- 


cos6j-j 

C4as0,+. 


sin*9. 


sin'd. 


0.71) 


c 


r^(e,.v) 


e^cos0j-y/c^-sin.*9| 

8^cos6j+^Cj.-sii)ii*0j 


C 

r 


n 


Finally,  the  specular  reflectivity  was  then  used  to  'Ornate  the  soil  surface  reflectivity 
coefficient  (T,^.  The  use  of  this  regression  model  for  surface  moisture  prediction  however 
would  require  an  iterative  method  to  solve  for  API  from  because  the  equation  is  implicit 
for  unknown  soil  moisture. 

The  regression  analysis  was  conducted  on  a  VAX  using  the  SAS  statistical  package  and 
on  a  inicrocoinputBr  in  Ing  a  simple  r^ression  program  written  in  Tuibo  Pascal  S.O.  The  latter 
program  was  tailored  to  handle  the  above  m^itioned  modds,  allowing  for  the  selection  of 
different  SSM/I  and  ground  truth  variables.  Figure  9.7  represents  a  general  flow-chart  of  the 
data  analysis  methodology. 

9.3.3  seMoh  pf  thg.  SS W  Clmnds  Most  Sgngitivg  tg  Surfec?  MQisnw 

9.3.3, 1  SSM/1  Channel  Selection 


Many  studies  in  passive  microwave  remote  sensing  have  shown  a  decrease  in  sensitivity 
to  surface  moisture  as  wavelengths  decrease,  due  to  smaller  penetration  depths.  To  test  this  fact, 
stepwise  regression  using  the  logarithmic  model  was  conducted  with  SAS  on  21  MLRA  sub- 
region  files  for  the  1987  data  set.  R^ressions  of  ^parent  emissivities  (SSM/I  brightness 
temperatures  divided  by  the  sur&ce  physical  temperature)  versus  API  w^  carried  out  and  in 
all  cases,  the  channel  resulting  in  the  highest  correlation  was  the  19.35  GHz  horiz*  ntal 
polarization.  The  decrease  in  correlation  was  quite  drastic  when  other  channels  with  shorter 
wavelengths  were  used  in  the  regression.  Based  on  this  analysis  and  due  to  the  larger  available 
penetration  depth  'md  .sensitivity  at  the  53°  incidence  angle,  19.35  H  channel  was  considered 
best  suited  for  surface  moisture  retrievals. 


9.3.3.2  Vegetation  Cover  Effects 

Vegetation  overlying  the  soil  surface  will  decrease  the  sensitivity  of  moisture  detection 
at  the  short  wavelengths  of  the  SSM/I.  At  high  vegetation  densities,  rcti  levals  of  surface 
moisture  are  physically  impossible.  To  illustrate  this  fact,  several  time  series  of  SSM/I 
signatures,  API  values,  and  precipitation  values  were  plotted  for  single  iatitude/longitude  cells 
in  regions  with  different  vegetation  covers.  'Fhe  SSM/I  variables  or  signatures  represented  in 
the  following  graphs  consist  of  the  apparwit  emissivity  for  the  19.35  GHz  horizontal  channel 
(el9H  =  T19H/Ts)  and  the  normalize  temperature  ratio  19.35  H  GHz  divided  by  the  19.35  V 
GHz  channel  (T19H/T19V).  llie  API  values  were  obtained  using  Equation  1  and  2  with  a  W„ 
of  10  mm. 
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Figure  9.7  Global  flow  chart  of  data  analysis  meUisidology. 


In  Figure  9.8,  for  an  agiicultural  area  in  West  Texas,  Uic  normalized  terrperature 
(T19H7T19V)  at  the  beginning  of  tlie  season  was  relatively  low,  gradually  incietusing  ant- 
peaking  around  day  220.  The  increase  in  normalized  temjxjrature  as  the  seai;>n  progressed  was 
a  result  of  a  decrease  in  polarization  caused  by  increa.sed  vegetation  density.  Precipitation  events 
resulting  in  considerable  surface  moisture  caused  an  abrupt  lowering  of  the  SSM/I  variab''';s  due 
to  a  decrease  in  soil  emissivity.  The  storm  on  day  141  resulted  in  a  much  greater  mien  vave 
response  than  the  larger  event  around  day  190  This  could  have  occurred  due  to  z  rxtmbination 
of  two  factors;  a  denser  vegetation  cove;  on  day  190  and/or  a  localized  storm  which  did  not 
thoroughly  wet  the  entire  footprint.  Figure  9.9  shot  s  a  similar  pattern  with  peak  vegetation 
occurring  around  day  180.  A  well  vegetated  footprim  from  a  location  further  east  is  shown  in 
Figure  9.10.  The  normalized  temperature  bad  a  value  closer  to  one  indicating  small 
polarizations  and  the  sensitivity  to  surface  moistu.e  resulting  from  precipitation  was  lower.  In 
all  the  series  examined,  the  apparent  imissivity  carried  more  unexplained  variability  than  the 
normalized  temperature. 


To  further  study  vegetation  effects  on  surface  moisture  retrievals,  ais  analysis  was  also 
conducted  on  the  MLRA  sub  region  files  for  the  central  plains  of  the  United  States  for  the  year 
1988.  In  this  way,  differences  due  to  vegetation  tj-pcs  and  seasonal  effects  could  be  considered. 
Table  9.46  shows  the  resulting  vegetation  density  classifications  of  the  sub-region  files  for  the 
three  seasons  analyzed.  A  change  in  veg  tation  density  over  the  time  period  studied  (from 
spring  to  fall)  occurred  for  most  of  the  areas  under  investigation.  For  cropland  areas  in  the 
central  plains,  spring  time  is  characterized  by  relatively  bare  soils  followed  by  a  rapid  increase 
in  vegetation  density  at  the  end  of  sp.  ng,  to  full  cover  during  summer  and  low  vegetation  cover 
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precipitation  with  the  exception  of  the  south  eastern  plain  regions  (West  Texas,  Oklahoma,  East 
Colorado,  and  Nebra.ska)  which  have  a  significar  t  area  under  irrigation.  Other  major  vegetation 
types  consist  of  rangeland,  and  pasture.  Natural  vegetation  is  mostly  comprised  of  short, 
medium,  or  tall  grasses  with  peak  vegetation  density  occurring  in  late  spring  and  early  summer 
depending  on  the  latitude.  Changes  in  vegc.vation  density  for  this  type  of  land  cover  are  not  as 
extreme  as  the  case  of  cropland  regions.  The  area  covereo  in  this  study  ranged  from  a  latitude 
of  30  to  49  degree.s  north  latitude,  which  implied  a  spectrum  of  vegetative  calendars  according 
to  location  and  elevation. 


The  MLRA  sub  region  files  were  clipped  to  contain  data  for  a  period  of  not  more  than 
25  days  in  a  particular'  season  and  included  data  from  the  dry  surface  prioi  to  the  storm,  the 
passage  of  tlie  stonn  and  increase  in  surface  moisture,  and  the  subsequent  recession  jjcrirxi  as 
the  surface  dried.  For  most  data  sets  shown  in  Table  9.46,  the  average  polarization  over  dry 
soil  was  itighest  in  the  spring,  lowest  in  the  summer,  and  showed  an  intermediate  value  in  the 
fall.  Polarizations  in  spring  and  fall  were  similar  for  cropland  areas,  witli  a  decreasj;  of  several 
Kelvins  in  tlie  sunmier.  Some  regions  did  not  show  any  significant  changes  acro.ss  seasijas  and 
were  either  !)  arid  regions  or  lakes  if  the  aveiage  polarization  was  large,  or  2)  dense 
nabiral  vegetation  if  the  average  ■.jolmization  was  low.  Vegetation  density  had  a  major  i  iflucnce 
on  the  sensitivity  to  surface  moisture.  Figure  9. 1 1  shows  distinct  difierences  between  he  thrty; 
seasons  for  MLRA  106  (Tsebraska  and  Kansas  Loess-Drift  Hills)  in  the  Central  Fce<l  G  ains  and 
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S’ mature  RespoDse  to  Surface  Moisture 

(31.75  Lat,  102-00  Long) 
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clOH  »t  PnsdpiUUfia  a  APIS 

figure  8  SSM/I  signature  response  to  surface  nroisture  over  a  grid  cell 
with  density  vegetation. 
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Figure  9.9  SSM/1  signature  response  to  surface  moisture  over  a  grid  cell 
with  low  density  vegetatio?  at  the  bcgirming  of  the  season. 
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Figure  9.10  SSM/I  signature  response  to  suifare.  moisture  over  a  gr  id 
cell  with  dense  vf^etation. 
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Figure  9.11  The  influence  of  v^etaiion  cover  on  the  ivr;n.sitivity  to 
surface  moisture  for  the  MLRA  106  region. 
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Livestock  Region.  Com  and  wheat  arc  the  main  crops  in  the  area.  The  average  polaruation 
in  the  19  and  37  GHz  channels  over  dry  grid  cells  was  8.2  K  for  spring,  4.6  K  for  summer,  and 
7.0  K  for  fall.  The  greater  sensitivity  to  soil  moisture  in  the  spring  resulted  in  lower  normalized 
temperatures  as  API  values  increased.  Figure  9.12  comespoi.  ls  to  MI.RA  103  (Ccnirr.!  Iowa 
and  Minnesota  Till  Prairies),  a  com  and  soybean  region  with  overall  denser  vegetation  in  tl»e 
summer  and  fall  seasons.  The  average  polarization  over  dry  grid  cells  was  7.5  K  in  the  spring, 
4.5  K  in  the  summer,  and  5.4  K  in  the  fall. 
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Figure  9. 12  The  influence  of  vegetation  cover  on  the  ensilivity  to  surface  moisture  for  the 
MLRA  103  region. 


Analysis  of  the  T19H/T37V  versus  API  relationship  for  the  MLRA  sub-region  files  lead 
to  the  following  conclusions: 

1)  TTie  strongest  correlation  between  T19H/T37V  and  API  occurred  in  the  Northern 
Great  Plains  Spring  Wheat  Region  (MLRA  54.  55B,  56),  in  the  Central  f-reat  I'dains  Winter 
Wlieat  and  Range  Region  (MLRA  70,  71,  73,  77,  78),  and  in  the  Centud  Feed  Grains  and 
Livestock  Region  (MLRA  102A,  1026.  106).  The  calculated  polarization  difference  over  dry 
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soil  for  those  regions  was  usually  relatively  high  in  spring  (7-10  K),  low  in  summer  (4  6  K),  and 
high  again  in  fall  (6-10  K). 


2)  'fhe  Desei^c  Basins,  Plains,  and  Mountains  (MLRA  42)  located  in  New  Mexico  and 
fexas  had  high  polarizations  over  dry  soils  suggesting  low  vegetation  densities.  However, 
precipitation  over  that  area  was  mainly  due  to  local  convective  storm  systems.  At  the  SSM/I 
resolution  scale,  the  correlation  between  T19H/T37V  and  API  was  low  even  over  footprints  with 
low  density  vegetation. 


3)  Observations  in  the  Western  Great  Plains  Range  and  Irrigated  Region  (MLRA  65, 
67,  69,  70)  resulted  in  usually  good  correlations.  The  Nebraska  Sand  Hills  (MLRA  65)  in  the 
spring  had  high  average  polarization  over  dry  soil.  However,  high  API  values  weren’t  always 
associated  with  iow  T19H/T37V  ratios.  Most  of  the  soils  in  that  region  are  deep  and  sandy 
which  result  in  fast  drainage  and  low  moisture  retention.  A  large  part  of  this  area  is  also  imder 
iiiigation  (spxinkler  and  sub -irrigation). 

4)  The  screening  program  classified  the  MLRA  1 19  region  (which  is  about  76  percent 
forested)  as  high  density  vegetation  (class  6)  for  the  spring,  summer,  and  fall  seasons. 
Observations  over  tine  did  not  show  any  significant  decrease  in  brightness  temperatures  for 
large  API  values. 


iv»a4  y  IIUIPI  UfC  Onk?inai  SIX  USIflP 

regression  analysis  on  the  data  of  Table  9.46  and  moisture  retrieval  equations  would  be 
developed.  These  classes  jutd  their  respective  thre.shol'i  valuts  were: 


1)  ixxw  density  vegetation:  for  avg.  ixd.  diff.  >  S  K 

2)  Medium  density  vegetation:  6  K  <  avg,  pol .  diff.  <  =  8  K 

3)  i'vieciom  high  density  veg.:  4  K  <  avg.  po).  thff.  <  =  6  K 

where  avg.  pol.  diff.  is  defined  by:  (19V'  4-  37V)/2  -  (I9H  -f  37H)/2 


A  fourth  c!a.ss  (dense  vegetation)  would  encompass  average  polarizations  of  less  than 
4  However,  a  moisture  retrieval  equation  was  not  developed  for  this  class  due  to  very  small 

.seiisilivjtie.s. 


Tne  clipped  MLRA  sub-region  files  were  randomly  gtx)uped  into  the  three  above 
iiV;(T.tiof:t'd  classes  according  to  average  polarization  prior  to  the  storm.  Two  independent  data 
vois  were  created  for  eac  h  class-  one  for  algorithm  development  and  one  fer  verification. 


9  3.4  Algorithm  Developnicnt 

The  analysis  was  conducted  on  MLRA  sub-region  files  stratified  according  to  ’.egetation 
.iensit)  and  generated  by  the  screening  program  described  in  9.3.2.  The  objectives  and  general 
prcH'xxlii  V.  of  algorithm  development  were  to: 
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1)  Test  the  use  of  different  SSM/1  variables  for  model  development  and  select  the  njost 
sensitive  to  surface  ntoisture. 

2)  Select  the  most  appropriate  API  values  according  to  moisture  sensing  depth. 

3)  Select  the  statistical  model  and  test  against  independent  data. 

4)  Develop  and  test  the  surface  moisture  retrieval  algorithm  logic. 

9. 3.4.1  Selection  of  the  Best  SSM/I  Variable  For  Algorithm  Development 

Microwave  brightness  temperatures  are  influenced  by  the  physical  temix'.rature  of  d\e 
emitting  surface;  therefore,  the  j^jparent  emissivity  (brightness  temperature  divided  by  tlie 
physical  temperature)  should  be  a  more  accurate  indicator  of  surface  moisture  because  it  removes 
some  variability  in  the  observations  due  to  changes  in  tlte  surface  physical  temperature.  For  this 
reason,  the  apparent  emissivity  along  with  normalized  19.35  H  GHi:  brightness  temperatures 
using  the  19.35  GHz  and  37.0  GHz  vertical  polarization  channels  were  compared  in  order  m 
select  the  most  significant  SSM/I  variable  for  algorithm  development. 

Table  9.47  shows  the  correlation  coefficients  obtained  for  the  linear  model  between  the 
different  SSM/I  variables  tested  and  the  API,.  The  best  correlation  was  obtained  for  the 
normalized  brightness  temperature  T19H/T37V.  Physically,  this  can  be  explained  by  the  fact 
that  the  37  GHz  channel  is  closer  to  the  skin  temperature  due  to  its  smaller  penetration  depth. 
The  apparent  emissi'.nty  using  air  temperature  (el9H)  resulted  in  the  worst  correlation  for  most 
cases.  Unfortunately,  surface  skin  temperatures  were  not  available  for  this  research  so  air 
temperatures  recorded  by  the  weather  station  network  were  used  instead.  This  introduced  some 
additional  unexplained  variance  to  the  data. 


TABLE  9.47  CORRELATION  COEFFICIENTS  OBTAINEl^  FOR  THE  LINEAR  MODEL 
BETWEEN  SSM/I  VARIA  BLES  AND  API,  FOR  DIFFElt  INT  VEGHFATION 
CLASSES 


tifTJTiPfnnTni 


Etensity 

Class 


T19H 


-0.7467 

-0.6825 

-0.5903 

-0.6058 

-0.6381 


el9H 


-0.6532 

-0.5291 

-0.4784 

-0.4060 

-0.5260 


T19H/T19V  T19H/T37V  2  *  T19H/ 

(T37V+T19V) 


-0.7507 

-0.6644 

-0.6742 

-0.6984 

-0.6402 


-0.7726 

-0.6921 

-0.6952 

-0.7074 

-0.6912 


Biif/.rhM 


-0.7667 

-0.6857 

-0.6914 

-0.7162 

-0.6756 


3)  T19H/T19V  =  ?  -f  b  API, 

5)  2*T19H/(T19V+T37V)  =  a  t  b  API3. 


- 2reTgHF=“a'T’5"APi; 

4)  T)9H/T37V  =  a  +  b  AP.I, 


The  relationship  between  API  and  normalized  bri  'htness  temporatuie  was  non  linear  for 
large  API  values.  Therefore,  API,  values  greater  than  70  mm  were  not  included  in  diis  analysis. 

9.3.4.2  SelectioM  of  the  API  Ground  Troth  Values 

The  linear  model  was  used  to  determine  the  best  correlation  between  API  and  the 
normalized  brighmess  temperature  (T19K/T19V).  As  described  in  section  9.3.2,  ^ch  file 
pvepu&l  for  statistical  analyids  cents  ned  a  set  of  6  API  values,  five  of  which  were  computed 
using  a  r>..cesstcm  coefficient  estimated  from  local  potential  evapotranspiration  with  a  soil  water 
depth  available  for  evaporation  (WJ  of  5,  7.5,  10,  15,  and  20  mm  (designated  as  API;  to  API5, 
respectively).  Correlation  coefficients  obtained  through  this  analysis  are  shown  in  Table  9.48. 
The  best  conelation  among  the  three  vegetation  density  classes  resulted  from  the  API,  (W„  = 
IS  mm).  Excqit  for  one  case,  the  API,,  resulted  in  poorer  correlation  coefficients  than  the  API 
values  derived  from  daily  (wapotranspiration. 


TABLE  9.48  CORRELATION  COEFFICIENTS  FOR  DIFFEREJ4T  API  ESTIMATES 
USING  THE  LINEAR  MODEL 


Vegetation 

Density 

Class 

API, 

Correlation  Q)efficisnt 

API2  APIj  API, 

API3 

API^ 

i 

-0.7391 

-0.7629 

-0.7745 

A 

-0.7769 

IH 

-0.70i5 

i 

-0.7430 

-0.7637 

-0.7726 

-0.7746 

-0.7603 

-0.6753 

2 

0.6790 

-0.6925 

-0.6921 

-0.6785 

-0.6573 

-0.6855 

2 

-0.5797 

-0.6682 

-0.6952 

-0.6943 

-0.6774 

-0.7048 

,% 

j 

-0.6808 

-0.6983 

-0.7074 

-0.7137 

-0.7058 

-0.6348 

3 

^.5137 

-0.6389 

-0.6912 

-0.7263 

-0.7282 

-0.6946 

VegeJation  f>ensity  Class: 

C1.ASS  1;  rn9V  +  T37V)/2  -  (T19H  +  T37H)/2  >  8  K 
CLASS  2;  fi  K  <  nfl^V  +  ’n7V)/2  -  (T19H  +  T37H)/2  <  =  8  K 
CLASS  3:  4  K  <  ^19V  +  -  (1'19H  f  T37H)/2  <  =  6  K 


9. 3. 4.3  Moduli  Se’  ^ion 


T.he  relationship  between  volumetric  moisture  content  and  u-^nnalized  tempciature  is 
r.;iin-iinear  jitx'ordi«g  to  the  Radiative  Transfer  Model  (RTM).  Such  a  trend  was  observed  in  the 
d;>to  for  larg-s  APi  vaSues  when  normalized  temperatures  (T19H/T19V')  were  ulotted  against  API 
for  foGipiit^ts  gino?,jpc*.l  by  MLRA  class  (Figure  9. 13).  It  app^ued  from  the  ob.servation  and 
regression  analysts  of  several  such  cases  that  the  relationship  became  non-lintsar  for  API,  values 
gretvMt  th»,vt  70  mm. 


Tigv/'ravv  vs  API4  for 
MLRA  78  in  the  Fall  Season 
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Figure  9.13  Normalized  temperature  versu;  API  relationship  showing  the  decrease  in 
sensitivity  to  surface  moisture  for  large  API  values. 

The  third  model  tested,  which  used  £n  estimated  soil  surface  reflectivity  coefficient 
based  on  the  API  and  the  RTM,  resulted  in  a  tetter  correlation  for  those  data  sets  with  very 
large  API  values,  due  to  linearization  o.  the  data.  However,  that  model  was  deemed  impractical 
to  be  used  for  Ose  final  surface  moisture  retrieval  equations  because  the  surface  reflectivity 
coefficient  is  implicit  for  API  when  the  normalized  temperature  is  known.  In  addition,  and  an 
abnonnally  low  normalized  temperature  could  lead  to  VCTy  large  and  unrealistic  API  estimates. 

The  linear  model  was  determined  to  be  the  most  appropriate  and  simple  for  algorithm 
development  providing  that  vegetation  density  was  taken  into  consideration.  Therefore, 
observations  with  API4  values  greater  than  70  mm  were  not  included  in  the  analysis  so  that  the 
linear  model  would  aq)ply. 

Curve  fitting  was  conducted  on  the  three  regression  data  sets  I’qpresenting  the  three 
vegetation  densities.  The  norrialized  temperature  (T19H/T37V)  was  expressed  as  a  linear 
coinbination  of  API4.  Table  9,49  shows  tiic  slope  and  intercept  as  well  as  the  regression 
coefficients  obtained.  The  resulting  regression  e<iuauons  are  plotted  together  in  Figure  9. 14. 
The  absolute  value  of  the  slope  was  directly  proportional  to  tlie  average  polarization  in  the  19.35 
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GHz  and  37,0  GHz  channels  prior  to  the  storm  and  thus  inversely  proportional  to  the  vqgetadon 
density.  The  intercept  (T19lirT37V  for  API4  =  0)  increased  as  the  vegetation  density  increased 
due  to  the  decrease  in  polarization.  As  expected,  the  standard  error  of  e.5tinnate  for  the  API 
increased  as  the  vegetation  density  increased. 


TSBrE^9  REGRESS10N“CDEFnCIENT5  FOR  THI^' VEGmTaiON'DENS'n’ffiS 


Vegetation  Density 
Class 

"Sl^e 

Intercept 

- R — 

Standard  Err^  r  Est. 

Norm.  Temp.  API4  (mm) 

Low  Density 

Medium  Density 

Meo  High  De'-sity 

-0.000873 

-0.000580 

”0755 

0.9835 

0.9*02 

-0.7835 

0.6785 

0.71.37 

"DirrsT  O" 

0.0151  11.7 

0.0098  12.0 

M5aiirTrgH7T37V^^T"T¥7tPi;: 


Normalized  Temperature  vs.  API 
for  3  Vegitation  Density  Qasses 


Figure  9.14  Normalized  Temperaturt  versus  API4  ie^,i'cssion  lines  fot  tho^e  vegetation 
densities. 
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Tlie  model  scatter  plots  and  corresptmding  residual  plots  'or  each  vegetation  density  cLtiss 
can  be  seen  in  Figures  9.15  through  9.2l^.  The  residual  plots  indicate  that  the  relationship 
between  T19H/T19V  and  API  can  be  assumed  linear  for  API4  values  less  than  70  mm.  The 
T19H/T19V  residuals  were  larger  for  observaHons  over  low  density  vegetation  (maximum  of 
0.05)  and  medium  density  vegetation.  For  relatively  high  density  vegetation,  the  residuals  were 
less  than  0.03.  Ihis  is  in  agreement  with  passive  microwave  theory  as  the  variability  in 
normalized  temperature  should  be  smaller  for  observations  over  vegetated  areas.  The  largest 
residuals  found  in  tlie  data  sets  always  corresponded  to  an  overestimation  of  T19H/T37V  for 
small  API  values.  In  other  words,  relatively  small  API  values  were  sometimes  associated  with 
low  normalized  temperature  values.  This  can  be  explained  by  the  fact  that  small  precipitetion 
depths  uniformly  spread  over  a  SSM/I  footprint  area  just  prior  to  the  satellite  overpass  could 
result  in  a  low  normalized  temperature.  Contamunation  by  water  bodies  not  detected  by  the 
classification  schen  ?  w  juid  also  produce  the  same  effect. 

Other  sources  of  noise  resulted  from  the  methodology  used  in  estimating  the  API  and 
merging  those  gridded  files  with  the  SSM/I  gridded  files.  The  assumption  that  precipitation 
events  occurred  between  12  am  and  6  pm  might  not  have  held  for  ill  cases.  If  rainfall  occurred 
at  night  (after  6  pni),  the  morning  SSM/I  overpass  would  record  low  brightness  temperatures 
but  the  computed  API  values  would  have  included  the  re  ^ssion  coefficient  for  the  previous  day. 
In  addition,  some  weather  stations  report  on  an  evening  schedule  (5  or  6  pm)  and  a  precipitation 
event  occumng  6  pm  would  be-  considered  the  next  day.  These  two  facts  could  lead  to 
observations  in  the  data  where  abnormally  low  normalized  temperatures  were  associatexl  with 
API  values  of  zero.  The  adternative  however,  would  have  been  to  group  the  morning  SSM/I 
overpasses  with  API  values  based  on  precipitation  of  the  same  day.  This  would  have  lead  to 
high  APi  values  associated  to  hign  normalized  tempieratures  for  pr-'iipitation  occumng  alter 
6  am.  Ibese  cases  would  have  been  more  common,  producing  numwous  leverage  points  in  the 
data  which  wc  ild  have  artificially  reduced  the  slope  of  the  regression  line.  The  heterogeneity 
of  precipitation  over  a  30  km  grid  cell  even  for  the  large  frontal  systems  used  n  this  analysis 
resulted  in  some  observations  with  high  API  values  being  paired  with  normalize  1  temperatures 
higher  than  expected.  Such  problems  are  unavoidable  at  the  spatial  resolution  ^  the  SSMA. 

9. 3.4.4  Model  Testing 

The  rcgre&sioa  equations  for  cnch  vegetation  density  class  were  testal  with  independent 
I  ata  sets  described  in  section  9.3.2,  These  equation;  are  shown  in  Table  9.50  in  their 
c,  r;  iional  form,  a;;  inversions  of  the  equations  deveh  ?ed  in  Table  9.49.  If  API  values 
predicte*  by  the  regression  equations  were  negative,  they  were  set  to  zero,  and  if  they  were 
larger  than  70  mm,  ti  ?y  were  set  to  70  nim.  Figures  9.21  to  9.23  show  plots  of  the  predicted 
API  versus  actual  "ground  truth  API"  valuers,  '.ITie  correlation  between  predicted  API  and  actual 
"ground  truth’’  API  was  satisfactory  tor  the  thi'ee  vegetation  density  classes.  The  best 
correlation  occurred  for  the  low  density  vegetation  class  (R  -  0.7686). 
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Scatter  Plot  and  Recession  line 
Low  Density  Vegetation  (Class  1) 


Figure  9.15  Swatter  plot  and  regression  laie  for  the  low  density  vegetation  class  (R 
0.7835). 


Residiiid  Plot 


'r’iguRT.  '  ^16  Residual  plot  ^t>r  the  low  density  vegc'iiiipn  tiESS. 
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Scatter  Plot  -uid  Regresaon  line 
Med’um  Density  Vegetation  (Gass  2) 


API4  (nun) 


Figure  9.17  Scatter  plot  and  regression  line  for  the  medium  density  v^etation  (R 
0.6783). 


Residual  Plot 


Figure  9.18  Residua)  plot  for  the  med  iKn  dwisity  vegetation  class. 


Scatter  Plot  and  Regression  line 
Medium  High  Density  Vegetation 


Figure  9. 19  Scatter  plot  and  regression  line  for  the  medium  high  deasdty  vegetation  class 
(R  ==  -0.7137). 


Residual  Plot 

ReiJitively  High  Density  Vegetation 
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Figure  9.20  Residual  pjc  for  the  me^lium  high  density  vegetation  class. 
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Figure  9,21  Plot  of  piwlicied  v.vr.'sus  actual  iiu'fe'e  moistuvx  values  for  the 
in{ieperide.nt  data  fR  —  0.7686). 


Surface  Moisture  Retrieval 
Medium  Deiisit  /  Vegetation 


Figure  9.22  Predicted  versus  z  :tual  API,  values  for  the  independent  data 
set  (R  =  0.6871). 


Surface  Moisture  Retrieval 
Medium  High  Density  Vegetation 


Figure  9.23  Pi  ^dieted  versus  actual  API,  values  ft .  t  ’ent  data 

set  (R  -  0.72"  6). 
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9. 3. 4. 5  Surface  Moisture  Prediction  Algorithm 

The  normalized  temperature  ratio  does  not  vary  considerably  from  day  to  day  over  diy 
soil  conditions.  In  regions  with  similar  climatic  conditions  to  the  Central  Plains  of  the  U.S.,  it 
will  slowly  increase  and  decrease  over  the  growing  season  following  the  growth  and  senescence 
of  natural  vegetation  or  the  seasonal  variations  in  agricultural  vegetation  densities.  However, 
if  the  vegetation  is  not  too  dense,  a  precipitation  event  will  cause  a  sharp  decrease  in  the  ratio 
which  will  gradually,  over  a  period  of  time,  return  to  its  value  prior  to  the  event,  assuming  that 
the  vegetation  density  has  not  changed  considerably  during  the  period. 

Thus,  for  the  best  use  of  the  developed  models,  we  recommend  that  the  algorithm  be 
implemented  in  the  dynamic  database  framework  described  in  the  land  surface  type  classification 
section  of  this  report  (section  9.1).  This  implies  calculating  and  storing  a  running  average  of 
certain  SSM/I  variables  for  grid  cell  locations  of  interest,  which  are  updated  at  each  available 
overpass  of  the  instrument. 

The  following  steps  are  recommended  for  the  use  of  the  algorithm: 

1)  Compute  a  running  average  of  T19H/T37V  and  of  the  average  polarization  in  the  19 
and  37  GHz  channels  for  each  overpass  and  grid  cells  in  the  area  of  interest.  The  average 
polarization  is  used  as  a  vegetation  density  index  while  the  T19H/T37V  normalized  temperature 
is  the  indicator  of  surface  moisture.  ITie  running  averages  would  include  brightness 
temperatures  for  the  five  last  overpasses. 

2)  Before  including  the  SSM/I  variables  from  the  latest  overpa.ss  in  the  running  averages, 
compare  T19H/T37V  to  its  running  average.  If  T19H/T37V  is  not  significantly  different  and 
the  surface  type  classification  code  does  not  indicate  moisture,  the  soil  is  considered  dry.  If  a 
significant  reduction  in  T19H/T37V  has  occurred  and  the  surface  type  classification  code 
indicated  moisture,  the  surface  is  considered  moist  or  wet. 

3)  If  the  soil  surface  is  determined  to  be  dry,  include  the  latest  values  for  the  SSM/I 
variables  in  the  running  averages. 

4)  If  the  soil  is  classified  as  moist,  the  latest  values  for  the  SSM/I  variables  should  i  ot 
be  included  in  the  running  averages.  The  value  presently  in  the  database  for  the  average 
polarization  in  the  19  GHz  and  37  GHz  channels  is  used  to  select  the  appropriate  surface 
moisture  retrieval  ecjaations  for  that  vegetation  density  class. 

5)  For  subsequent  overpasses,  estimate  surface  moistui  using  the  selected  equation  until 
the  predicted  API  reaches  zero  or  until  the  T19H/T37V  normalized  temperature  is  cUcse  to  the 
running  average  value  prior  to  the  storm. 

The  algorithm  was  applied  to  many  grid  <«l!s  representing  different  MLRA  regions  in 
the  central  plains  over  the  snow-free  period  in  1988.  Examples  are  shown  in  Figures  9.24  and 


b'urface  Moisture  Retrieval  Algorithm 
(MLRA  55R  Lat:  45.3,  liong:  98,3) 


Predictfid  API  - Ground  truth  API 

Figure  .24  Application  of  the  surface  moisture  retrieval  algorithm  to  a 
grid  cell  iit  the  Centra!  Black  Glaciated  Plains  Region  in  North  Dakota 
during  the  snow-free  period  in  1988. 


Surface  Moisture  Retrieval  Alff  irithm 
(MURA  i02,  Lat  44.8,  Lod^  97.0) 


P):edb:ted  API  - Ground  'fruth  APt  | 

Figure  9.25  Application  of  the  siirfecc  moisture  retrieval  algorithm  to  a 
grid  cell  in  the  Rolling  Till  Prairie  Region  of  Fast^  South  Dakota, 
during  the  .snow-finee  period  of  1988. 
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9.25  for  two  different  MLRA  regions.  The  algorithm  reasonably  predicted  surface  moisture  for 
both  large  and  small  precipitation  events. 

'.3.5  Ob.scrvations  and  Recomin*  ndatit  115 

The  developed  surface  moisture  ’•etrieval  algorithms  are  satisfactoiy  considering  the 
physical  limitations  of  the  SSM/I  instrument  for  this  purpose.  The  short  wavelengths  of  the 
SSM/I  channels  only  permit  very  small  soil  moisture  sensing  depths.  V'*getation  is  an 
additional  complication  which  ■  auses  further  decreases  in  moisture  sensitivity.  The  large 
footprint  size  at  19  GHz  introduces  unavoidable  noise  due  to  the  spaaal  variability  in  surface 
types  as  well  as  the  random  nature  of  precipitation  and  consequently  soil  moisture  at  tlial  scale. 
Therefore,  the  ;e  algorithms  are  a  compromise,  retrieving  surface  moislare  with  the  API 
surrogate  while  taking  into  consideration  vegetation  dens,  ty  effects.  Surface  type  variability 
effects  are  partially  removed  in  the  classification  schenie  as  the  retrieval  equations  only  apply 
to  certain  surface  types  i.e.  moist  soil  and  arable  soil.  Under  flooded  conditions,  the  API  will 
usually  be  greater  than  70  mm  rendering  accurate  retrievals  almost  impossible  due  to  the  non¬ 
linear  nature  of  the  response. 

The  most  accurate  operational  use  of  these  algorithms  will  require  the  maintenance  of 
running  averages  for  the  appropriate  SSM/I  variables  within  a  dynamic  database  continuously 
updated  with  each  overpass  as  described  in  section  9.3.4. 5.  The  running  average  of  SSM/I 
variables  are  necessary  for  establishing  the  vegetation  cover  density  and  selecting  the  appropriate 
rcU'iPvnl  cijuauOri. 

If  the  use  of  the  dynamic  database  is  not  possible,  the  retrieval  equations  can  be  used 
over  certain  surface  type  classifications  providing  the  predictions  are  limited  to  zero  for  the 
lower  limit  and  70  mm  for  the  upper  limit.  It  should  be  understood  tliat  the  errors  in  surface 
moisUire  retrievals  could  be  greater  than  the  standard  errors  described  in  tlie  analysis  section. 
The  applicable  surface  type  classifications  would  be  noist  soils  and  wet  soils.  The  equations 
would  not  be  applicable  to  the  other  surface  tyj  cs. 

Theoreucaily,  volumetric  soil  moisture  to  a  certain  depth  can  be  estimated  from  a  time 
series  of  soil  surface  temperature  and  moisture,  both  retrievable  with  the  SSM/I.  This  would 
require  Oie  knowledge  of  certain  soil  physical  chi’facteristics  such  as  water  holding  rapacity, 
infiltration  and  hydraulic  conductivity.  At  the  spatial  resolution  of  the  'Si.lT  hi.wever,  any  such 
modelling  attempt  would  be  questionable.  As  an  alternative,  a  gross  value  of  soil  moisture  for 
a  grid  c  11  location  could  be  estimated  during  a  limited  period  after  a  storm  I  /  assuming  an 
average  value  for  the  soil  water  holding  capacity  of  the  grid  cell  and  distributiiig  the  rebieved 
surface  moi  tuve  down  to  a  certain  depUi  of  the  soil  profile.  'Fhe  average  value  of  soil  water 
holding  capacity  would  \y^  stored  in  U:e  database  as  well. 
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9.4  SNOW  PARAMETER  ALGORFrHMS 


9.4.1  Algorithm  PeveloptnenrJRaliorialc 

Passive  microwave  radiometry  has  significarit  premise  fo.'^  Hit  remote  sensing  of 
snowpack  prc^ities.  Snow  particles  teha.ve  as  volume  scatterei  s  of  tlic  radiation  emitter’  fr;  rn 
the  underlying  surface  [1],  [2].  he  ficattcring  is  a  sPong  function  ol  w'avelength.  At 
wavelengths  less  than  1  cfti,  Mie  scattering  by  mdividuat  snow  particles  such  as  cr;  stah  and 
grains  is  pronounced  [3|.  The  longer  wavelengths,  such  as  Use  S  66  cm  (18  GHx)  of  the 
Nimbus  7  SMMR  and  the  1.55  cm  (19  OHz)  cf  the  SSM/1,  are  sc  attered  less  by  a  typical 
snowpack.  Consequently,  radwtion  at  these  waveieng ths  emitted  from  »  snow  covered  surface 
will  be  a  function  of  the  state  of  the  surface  benestfi  dte  snowpack.  Frozen  ground  has  a  high 
emissivity,  greater  than  0.90.  du-;  to  the  low  pe*“.mtovity  of  ke  fi].  Moist  soil  witlr  i  e 
present  has  an  emissivity  a''  low  aa  O.^O  ai  thiisi  wavelengtsis  due  to  the  high  permittivity  of 
liquid  water  [5].  The  physical  teniperahire  of  a  dry  snowpack  not  a  major  infis  efj.;e  Jue  to 
the  low  contribution  of  emitted  radiabon  from  iiie  snow  [6].  In  rckbSy,  the  peissivc  m>ciowave 
radiation  received  ixosn  a  snowpack  >$  t.  function  of  tljc  firrqumey  distribution  of  snow  crystal 
and  grain  SRes.  This  frequency  distribution  is  highly  correi&led  with  sne*v  dqjth  and  with  snow 
water  content  for  typlc^  snow  densities. 


Frozen  ground  prior  to  a  snowfall  even  will  have  fairly  simiia?  brightness  ten  oeralures, 
with  low  polarization  differences,  at  the  SSM/i  frequi^kcies.  Vegetation  and  roughnes  elements 
w’U  decrear^t  the  polarization  differences,  while  bare  ar  d  moist  soil  vdlS  increase  the.  ^iariz.  tion 
differericcs.  Toe  primary  effect  ;  f  a  new',  dry  snewfa”  wiT  bt;  to  depiesss  me  brightness 
temperatures  in  the  shorter  wavelengths  (higher  ft^duer.ries).  If  the  snow  crystals  are  very 
sma’l,  the  85  GHz  channels  will  show  a  narked  drop  in  brigntness  temperature  ProTfOU  iCed 
decreases  ii.  Jie  37  GHz  channels  are  moie  typical  of  a  new  snow.  Tie  polarization  difTerences 
will  also  increase  dramatically.  For  .aew.  dry  snow  of  the  order  of  tens  of  centimettrs  depth, 
the  brightness  temperatures  ir  the  longer  wavelengthis  are  essentoiHy  unchanged  from  those  prior 
lo  the  snowfall. 


The  c::ystallinc  structure  of  a  new  snowjiacL  initially  is  iii^uenced  by  snow  c  ,  ^  size, 
/ness,  temperature,  a-'d  wind,  ihe  crystalline  sbucture  will  change  on  a  day  to  day  basis  as 
result  of  thermal  gradients  in  the  snowpack  and  Uit;  tiicrgy  balance  of  the  snow  suifiicc  layer. 
A  net  effect  of  both  pioces.ses  -  hear  crystal  fonnatioc  in  the  lower  layer  of  the  snowpack  (7], 
[8]  and  larger  grain  sizes  and  layer  formation  from  thaw  and  freeze  cycles  -  is  to  progr^ively 
increas  the  mean  crystal  size.  Tiis  will  produce  a  further  decrease  in  brightness  teni|>eratures 
at  37  GHz  (see,  for  example,  [9]).  l^gc  crystals  will  decrease  the  ladiadon  at  the  22  and  19 
GHz  frequencies,  as  will  be  show'n. 


Snorv  edge  is  relatively  '/asy  to  detect  with  passive  microwave.  The  radial  m  from  the 
underlying  surface  is  scattered  more  r.  0.81  era  than  at  1.55  oi  1.66  cm.  The  polarizaticm 
difference  increases  markedly  at  0.81  cm.  Gixxly  (10),  Kunzi,  et  al.  (IIJ,  and  McFariand,  ei 
al.  [9J  used  comparisons  of  0.81  cm  with  1.66  cm  brightness  temperatures  or  polarization 


diffcicnce  at  0.81  cm  to  detect  snow  edge  or  discriminate  snow  covered  areas  from  areas  without 
snow  with  SMMR  data.  TTie  threshoid  was  of  the  order  of  2  cm  snow  depth,  although  others 
have  noted  a  threshoid  of  S  cm  [12], 

Investigations  on  determination  of  snow  dqtth  or  snow  water  equivalent  have  focused  on 
the  37  GHz  channels  [9],  [11],  [12],  ^13].  Foster,  et  al.  [3]  reported  coefficients  of 
determination  approaching  0.9  at  the  0.81  cm  wavelength  (37  GHz)  of  the  Nimbus  6  ESMR. 
These  correlations  were  obtained  with  the  vertically  polarized  brightness  tempemtures  for  one 
degree  latitude-longitude  cells  «n  North  Dakotii  and  Montana.  Chang  [14]  used  the  differeice 
between  the  1.66  (18  GHz)  and  0  81  cm  horizontally  polarized  brightness  temperatures  of 
SMMR  to  retrieve  snow  depths  over  several  large  open  land  areas  in  Canada,  the  U.  S.  Great 
Plains,  and  central  Russia.  Correlation  coefficients  of  0.85  were  obtained.  Gloersen,  et  al.  [12] 
retrieved  snow  water  equivalent  as  a  linear  function  of  the  brightness  temperature  difierence 
between  the  1.66  and  0.81  horizontally  polarized  brightness  temperatures  from  SMMR. 
Goodison,  et  al.  [IS]  found  excellent  correlations  between  snow  depth  and  the  37V  channel  of 
an  airborne  radiometer,  with  the  ground  truth  from  airborne  gamma  and  surface  snow  surveys. 
The  coefficient  of  v!cterminatior>  wa.s  0.86  and  the  sl«^  of  the  linear  regies  ion  line  was  1.83 
mm/K. 


Kunzi,  et  al.  [11]  noted  that  microwave  signature  of  a  snowpsK^k  was  independent  of 
qpth  for  dry  snow  dqrths  greater  than  50  cm.  McFarland,  et  al.  [9],  in  their  study  ct  snow 
depths  in  die  northern  Great  Plains,  found  the  upp^  threshold  to  be  somewhat  lower,  around 
40  cm.  This  upper  threshold  ai^parently  marks  Ae  dq[>th  where  a'^  emitted  radiation  from  the 
MiKier lying  .’lurfarc  is  sKarferwi  of  absorbed.  For  the  S!ov  d^tiis  2!K?*.'e  tfts  thfesf^id,  the 
radiation  is  a  function  of  the  crystal  moiphology  in  the  pack  and  reflected  radiation  from  the 
crystals  and  internal  layen. 

Ideally,  the  brightness  temperatures  before  the  first  snowfall  would  be  incorporated  into 
the  algorithm  to  retrieve  the  snow  dqith  or  water  equivalent  [6].  The  decrease  in  microwave 
emission  due  to  snow  would  be  a  result  of  the  scattering.  Hie  algorithms  that  combine  the  37 
GHz  channels  with  lowe.*  frequency  channels  rqiresent  an  attempt  to  incoqiorate  die  pre-snow 
passive  microwave  signature  into  the  algorithm.  This  procedure  would  be  especially  useful  with 
varying  vegetation,  soil,  and  soil  moisture  within  a  region.  This  procedure  is  not  feasible  in  the 
D-matrix  algorithm  approach,  however.  Incorporation  of  a  longer  wavelength  (lower  frequency) 
in  the  snow  dqith  or  water  equivalent  algorithm  could  pr  vide  ''■^  'r'mati<  n  on  the  state  of  the 
grounu  underlying  the  snowpack  [14]. 

A'  y  liquid  water  in  the  snowpack  increases  the  microwave  brightness  temperatures  [1], 
[14],  A  change  of  one  percent  in  liquid  water  results  in  a  change  of  70  K  in  the  0.81  cm 
horizontal  polarization  brightness  temperature  [4]. 

McFarland,  et  al.  [9|  sqiarated  the  snow  season  into  two  phases;  the  accumulation  phase 
and  .be  ripening  and  melting  phase.  Schanda,  et  al.  [16]  had  ossentii  'ly  the  sam.';  classificatioii 
scheme  wiih  winter  mow  (no  melting  metamoiphism),  wet  spring  snow  (wi  h  a  layer  of  wet 
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snow  crystals  at  the  surface),  and  dry.  reffozen  spring  snow.  Tlie  brightne.ss  temperatures  and 
the  polarization  differences  do  not  have  the  same  patterns  after  the  onsci  of  crystal 
riietamorphism  produced  by  melting.  Daytime  melting  pr^uccs  marked  increases  in  brightness 
temperature  [9],  [17].  Nightime  refreezing  after  a  daytime  melt  does  not  return  the  brightness 
temper  atures  to  pre-melt  values.  McFarland,  et  al.  [9]  noted  a  gradual  inci'ease  in  the  nighttime 
t  rightness  temperatures  from  the  onset  of  the  ripening  and  melting  phase  to  full  peness  and 
nic  ting.  The  obvious  implication  is  that  an  algorithm  to  retrieve  the  snowpack  paiameters  has 
to  initially  di.scriminate  between  these  phases  or  classes.  Different  algorithms  are  needed:  one 
to  determine  snow  depth  or  water  equivalent  before  the  melt  j^ase  and  anotner  to  determine  the 
stage  of  ripening. 

9.4.2  Methodology 

The  data  sets  of  SSM/I  brightness  •e:nperatutes  and  iiniatological  data  were  assembled 
as  0.25  or  0.5  degree  grid  files  previously  described,  la  climatological  data  consisted  of 
snowfall  in  the  preceding  24  hours,  total  snow  depth,  and  vater  equivalent  of  ihe  new  .snow. 
Daily  air  maximum  and  minimum  temperatures  were  also  avi<ilable. 

Several  separate  data  sets  were  autudyzed.  The  full  data  set  consisted  of  the  SSM/1 
brightness  temperatunes  from  day  343,  1989  to  day  60,  1990  for  the  Central  Plains  test  areas  for 
quarter  degree  grid  boxes.  The  cases  analyzed  included  those  overpisses,  both  ascending  and 
descending,  when  the  test  area  was  largely  covered  by  the  overpass.  The  SSM/I  data  set 
consisted  of  344a,  344d,  346d.  353d,  363d,  007a,  008a,  024a,  047a,  049a,  OSQa,  055-a,  056a, 
057a,  arvd  0S8a,  where  each  overpass  is  identified  by  the  calendar  day  number  and  a  for 
a.scending  or  d  tor  descending.  Only  those  grid  boxes  with  a  climatological  rqxirting  station 
were  included  in  the  analysis  Additional  data  sets  were  processnl  fi-om  Febniary  1988. 


Ibe  snow  depths  and  the  microwave  brightness  temperatures  are  highly  correlated,  as 
shown  in  Figures  9.26  through  9.29.  Figure  9.26  shows  the  reported  six>w  depths  and  Figures 
9.27,  9.28,  and  9.29  the  SSM/I  brighLaess  tempo^tures  at  19V,  37V,  and  85V  GHz  re.spectivcly 
over  the  Central  Plains  for  day  51,  1988,  ascending  pass.  Figure  9.30  shows  the  mmimum 
surface  air  temperature  for  this  same  day.  A  visual  correlation  of  the  snow  depth  with  the 
brightness  temperatures  appears  to  show  excellent  agreement.  However,  when  multiple  linear 
regression  was  performed,  the  b^'st  R  squared  was  in  the  vicinity  of  0.2C  with  an  RMSE  of  !1 
cm.  The  snow  depths  for  this  case  generally  match  the  observed  depressions  in  the  SSMjT 
channels,  but  the  localized  nature  of  the  heavier  amounts  may  be  a  source  of  variance.  A 
geoiocation  correction  was  not  sqipli.ed  to  the  SSM/l  data. 

The  full  data  set  was  analyzed  spatially  and  temporally  for  two  separate  sections  of  the 
C'enlral  Plains,  as  shown  in  Figure  9.31.  'IThe  eastern  area  was  defined  by  41  to  47  degrees 
north  latitude  and  88  to  96  degrees  west  longitude.  This  area  covers  Iowa,  Minnesota,  zisd  tmi 
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Figure  9.26  Accunulated  snow 
depth  for  the  Central  Plains  on 
day  51,  1988. 


Figure  9.27  SSM/I  brightness 
tenperatures  at  19V  over  the 
Central  Plains  or.  day  51,  1988. 


Figure  9.28  SSM/I  brightn»;^ss 
temperatures  at  37V  over  the 
Central  Plains  on  day  51,  1988. 


Figure  9,29  SSM/l  brightness 
temperatures  at.  35V  over  the 
Central  Plains  on  day  53  ,  1968. 
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Figure  9.30  Observed  surface 
miniEium  air  temperature  ior  the 
Central  Plains  for  day  51, 
1988. 


Figure  9.31  The  test  area  for 
the  analysis  of  snow. 


western  half  of  Wisconsin.  The  western  area  was  defined  by  41  to  47  degrees  north  latitude  and 
96  to  104  degrees  west  luuKiiune,  Tnis  area  'ncludes  North  Dalccta, 'South  Daiota,  and  the 
northern  two-thirds  of  Nebraska.  Spatial  data  sets  were  organized  in  a  spread  sheet  by  d  y,  with 
all  seven  brightness  temperatures,  the  major  land  resource  area  [18],  the  classification  by  the 
EXTLND  surface  type  classification  modi  V,  an  the  climatological  data.  The  first  step  in  the 
arialysis  wac  to  calculate  the  correlation  coeffici  nt  matrix  fur  all  variables.  This  correlation 
analysis  included  several  derived  variables  from  i  le  brightness  temperatures,  such  as  channel 
and  polarization  differences.  Sqraratc  conelations  w«e  calculated  for  various  categories  of 
snow  depth,  m^or  land  resource  area,  and  location. 


The  snow  season  for  the  winter  of  1989  in  the  test  area  was  characterized  by  a  few  major 
snowfalls  that  melted/sublimed  significantly  in  the  several  week  periods  between  the  snowfalls. 
The  snow  cover  reported  in  the  Weekly  Weather  and  Crop  Bulletin  showed  very  little  snow  on 
January  16,  1989  '’nd  agaiii  on  February  12,  1990. 


Figures  9.32  and  9.33  show  tlie  correlation  cr^fficients  between  the  I9V  and  37V 
brightness  temperatures  and  snow  depth  for  days  between  344,  1989  and  day  58,  1990.  All  grid 
cells  with  snow  depths  greater  than  0  mm  and  less  than  400  mm  were  used  in  the  correlation 
analysis.  No  stratification  was  done  for  land  surface  type  snd  no  points  were  removed  based 
on  obvious  outlier  locations,  such  as  the  Black  Hills  of  South  Dakota.  era!  patterns  are 
readily  apparent.  The  37V  channel  has  the  higher  correlation  coefficient  thar<  tl  e.  19V  channel 
but  the  19V  channel  shows  a  marked  response  to  snow  dqrll.  (actual  iy  grain  size  characteristics 
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Figure  9.32  Correlation  coeff¬ 
icients  between  snow  depth  and 
37V  brightness  temperatures, 
western  test  area. 


Figure  9.33  Correlation  coeff¬ 
icients  between  snow  depth  and 
37V  brightness  temperatures, 
eastern  test  area. 


within  the  snowpack).  Tltis  indicates  that  the  19V  channel  will  not  necessarily  provide 
information  from  the  surface  beneath  the  snowpack.  The  19V  channel  will  provide  information 
on  the  aging  of  the  snowpack  and  the  development  of  larger  crystals  in  response  to  surface 
thawing  and  refreezing  and  to  hoar  crystal  formation  in  response  to  tliermal  gradients. 


Another  nattern  is  that  the  cotTelation  coefficients  are  highly  erratic 


light  and  decreasing  snow  amounts.  Correlation  coefficients  that  remained  fairly  stable  from  day 
to  day  did  not  occur  until  late  February.  For  days  C'7,  050,  055,  056,  057,  and  058  which 
were  all  ascending  overpasses,  correlation  coefficient  were  calculated  between  snow  depth  in 
mm  and  the  37V  brightness  temperature  in  K  for  all  grid  cells  with  the  land  surface  category  of 
snow  present  (EXTLND).  These  correlation  coefficients  ranged  from  -0.50  to  -C.84.  The 
correlation  coefficients  were  higher  for  the  eastern  test  area,  although  the  regression  coefficients 
were  similar.  Selected  scatter  plots  and  des-iripfivc  statistics  are  presented  in  Figures  9.34 
through  9.37.  The  85V  channel  is  considered  unreliable  in  these  data  sets  due  to  the  high 
standard  deviations  and  the  means  less  than  lliose  of  the  85H  channel.  In  Figures  9.34  and  9.35 
for  the  western  test  area,  the  maximum  snow  depths  in  the  tlata  set  were  less  than  400  mm  and 
the  relationships  between  snow  depth  and  the  37V  brightness  temperature  were  fairly  linear.  In 
contrast,  note  the  relationship  between  snow  depths  greater  than  about  400  mm  and  the  37V 
brightness  temperatures  in  Figures  9.36  and  9.37  for  the  eastern  <  \st  area  As  noted  in  previous 
investigations,  the  pa-ssive  microwave  response  is  significantly  decreased  with  snow  dejiths 
greater  tlian  about  400  mm. 


As  shown  by  the  statistic.s  in  Tables  9,51  through  9.54,  which  correspond  to  Figures  9.34 
through  9.37,  the  correlation  coefficients  vv  re  high  fur  ill  channels,  which  is  expected  due  to 
the  high  inlercorrelations  between  the  channels  (excluding  the  85V).  The  37V  chanii  -1  was 
consistently  a  better  predictor  of  snow  depth,  which  is  consistent  with  several  oUier 
investigations.  Several  combinations  of  channels  were  also  examined.  These  included  the 
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Figure  9.36  37V  GHs:  brightness  temperature  avid!  reported  snov 

depth  for  the  eastern  te»st  area,  day  50 ^  1990,  ascending  pass. 
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Figure  9.37  37V  GHz  brightness  tiimperature  and  reported  snow 

depth  for  the  eastern  test  area,  day  58,  1990,  ascending  pass.. 
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TABLE  9.51  RELEVANT  STAHSTICS  BETWEEN  SSMi  i  BRIGFTrNESS 
TEMPERATURES  AND  REPORTED  SNOW  DEPTH  FOR  THE  WESTERN 
TEST  AREA,  DAY  47,  1990.  ASCENDING  PASS 


j  css/pc; 
I  basic 
j  atats 


r>ebcriptivi  statiatics  in  dbl  preciaiun 
Nurjnber  of  Cases  126 
(MD  pairwise  deleted) 


1 

!  N 

Min 

Max 

I  Mean 

Std.Err 

Std.Dev. 

{  iat 

jl26 

41.  )000 

47.0000 

44.5349 

.156786 

1.75992 

Ion 

126 

96.0000 

104.0000 

99-7492 

.215347 

2.41726 

1  tl9v 

126 

246.4000 

261.9000 

254.0595 

.325702 

3.65599 

tl9h 

126 

225.5000 

252.0000 

239.40^5 

.621787 

6.97954 

t22v 

126 

242.9000 

261.0000 

251.4..  1 

.373291 

4.19018 

t37v 

126 

220.6000 

255.2000 

242.35t6 

.733083 

8.22684 

t37k 

126 

204.8000 

249.0000 

231.5802 

.914381 

10.26390 

tSSv 

126 

104.6000 

335.9000 

209.5564 

3.724459 

41.80695 

t85h 

126 

172.3000 

277.S000 

223.0738 

1.588973 

17.83617 

Burft 

126 

14.0000 

14.0000 

14.0000 

.000000 

.00000 

mira 

jl26 

53.2000 

106.0000 

65.6389 

1.470974 

16.51164 

snwd 

1126 

.0000 

482.6000 

86.2460 

8.446839 

94.81554 

a  now 

!i26 

.0000 

50.809C 

6.0175 

1.205538 

13.53213 

CSS/pCi 

basic 

stats 


std.tnode 


Correlations  r(x,y) 
Number  of  Cases  126 
pairwise  deleted) 


tl9v 


- +- 

tl9h  ! 


t22v 


1.0000 

-.0909 

-.0909 

1.0000 

-.7957 

.1624 

- -  7492 

.2734 

-.7946 

.1559 

-.6969 

.2714 

-.6618 

.3610 

.1127 

.1565 

-.3936 

.  .2602 

,3210  -.4363 

,5189  -.3768 

.3040  !  -.1293  I 

- — + - 4- 


-.7957 

.1624 

1.0000 

.9397 

19780 

.8796 

.8637 

-.0309 

.5342 

.2417 

-.5183 

-.2870 


-.7492 

.2784 

.9397 

1.0000 

.9387 

.9124 

.9375 

-.0615 

.6043 


-.7946 
.1559 
.9780 
•  93G7 
1.0000 
.9058 
.8825 
-.0372 
-5432 


,2119  .2569 
,5937  -.5509 
,2729  i  -.2594 

- 4 - 


- 4 

t37v  I 

- - 4 

-.6969  j 
.2714 
.8796  > 
.9124 
.9058 
1.0000 
.9799 
.0198 
.6585 

.3053 

-.7064 

-.1763 


cos/pc : 

banic 

stats 


ttd .  mode 


Correlations  r(x,y) 

N.  of  CASKS  “  126 
(HD  pairwise  deleted) 

- 4 - 4 — 


t8Sv  j 

- 4- 


t85h 


Burft  ! 


lat 

1 

-.6618 

1 

1 

-1127 

- 

Ion 

1 

1 

1 

.3610 

1 

1 

.1565 

tl9v 

.8637 

1 

1 

-.0309 

tl9h 

1 

i 

.9375 

1 

1 

-.0615 

t22v 

2 

.8825 

I 

1 

1 

-.0372 

t37v 

1 

1 

.9799 

.0198 

t  nh 

1 

1.0000 

1 

1 

-.0081 

tdSv 

\ 

» 

1 

-.0083 

1 

! 

1 

1,0000 

1 

tS5h 

.6982 

-.1719 

BUZ  ft 

I 

1 

— - 

1 

1 

1 

1 

— 

1 

tairs 

j 

.2376 

-.1016 

snwd 

-.7072 

-  ,0051 

snow 

i 

i 

-.1365 

1 

1 

-  ,0273 

.2602 

.5342 

.6043 

.5432 

.6585 

.6902 


.0768 


— 

mlra 

1 

1 

snwd 

— - - - 

-.32ir 

J 

.5189 

-.3768 

.2417 

-.5183 

.2119 

-.593'» 

.2569 

--.55D‘ 

.3058 

-.'^064 

.2576 

-.7072 

-.1016 

-.0051 

.076' 

-.5412 

nooo 

t 

-.1151 

-.151 

t 

1 

1.0000 

.  1479 

I 

.1655 
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TABLE  9.52  RELEVANT  STATISTICS  BETWEEN  SSM/I  BRIGHTNESS 
TEMPERATURES  AND  REPORTED  SNOW  DEPTH  FOR  THE  WESTERN 
TEST  AREA,  DAY  58,  1990,  ASCENDING  PASS 


css/pc: 

basic 

stats 

+ - ^ 

! 

Descriptive  statistica  in  dbl  precision 
Nunmber  of  Cases  »  73 
(MO  pairwise  deleted^ 

N  ]  Min  1  Max  |  Mean  |  Sbd.BrrJ 

Std.Dev. 

lat 

72 

41.0000 

47.0000 

45.4370 

.  153.168 

1.31038 

Ion 

73 

96.0000 

104.0000 

99.2110 

.264342 

2.25BS4 

tl9v 

247.1000 

265.7000 

254.1069 

.554792 

4. 7401S 

tl9h 

J 

225.9000 

253.4000 

236.8781 

.887327 

7.58132 

t22v 

73 

242.9000 

263.3000 

251.6438 

.613062 

5.23800 

t37v 

73 

212.5000 

258.7000 

238.9534 

1.395477 

11.92296 

t37h 

73 

201.3000 

251.4000 

227.3671 

1.573632 

13.44512 

t85v 

73 

143.3000 

299.2000 

211.6479 

4.293872 

36.68686 

tash 

73 

170.5000 

273.1000 

220.4137 

2.842392 

24.28541 

surft 

73 

14.0000 

14.0000 

14.0000 

.000000 

.00000 

mlra 

73 

53.2000 

106.CO00 

64.4945 

2.236502 

19.10868 

snwd 

73 

.0000 

330-2000 

96.7288 

9.600029 

82.02268 

snow 

73 

.0000 

63.5000 

10.7904 

1.787244 

15.; 7022 

c8B/pc:  I  Ccrrelations  r(x 

basic  j  Number  of  C&ses 
atats  I  (MO  pairwise  del 
- + - + - 


at d. mode 


.y) 

-  73 

.+ - 

!  tl9v 
+ - 


tl9h  ; 


t22v 


1  lat 

1.0000 

.3627 

1  -.2450 

-.3137 

-.2645 

-.3265 

Ion 

.3627 

l.COOO 

.6542 

.5039 

.6252 

.4815 

I  tl9v 

-.2450 

.6542 

!  1.0000  ! 

.9583 

.9780 

8796 

i  4-  1  QK 

#  rtf*  O  ^  * 

e  1 

.9780 

«  rk  1 

«  1 

t22v 

-.2645 

.6252 

.  96 '8 

1.0000 

.9216 

t37v 

-.3265 

.4815 

.8796 

.3721 

.92)6 

1.0000 

t37h 

-.3546 

.4291 

.8954 

.0858 

.9229 

.9290 

.9848 

t85v 

,1123 

.1713 

.0900 

.1065 

.1228 

t85h 

-.2033 

.3745 

.6451 

.6589 

.  5578 

.7865 

aurft 

-- 

_  1 

C668  ! 

mlrs 

-.5898 

-.5641 

.0764 

-.0056 

.1962 

onwd 

.3503 

-.3523 

-.6445 
-.1865  ! 

-.6413 

-.6503 

-.8948 

snow 

-2005 

-.1106 

-.1752 

-.1708 

-.0630 

— - -f.. 

- H 

f. - 4-, 

cas/pc:  j  Correlations  r(x,y) 

basic  j  Number  o£  Cases  >•  73 

atata  j  (MD  pairwise  deleted) 


■4’ ~  ^  - 

-+ - + — 

- + — 

- - -  +  - 

_ .f _ 

_ 4 

1  std.mode 

1  t37h  i 

t85v  1 

t85h  1 

surft  ! 

mlra  j 

snwd  1 

- - - 

.+ - + — 

- + — 

- f- 

lat 

-.3546 

.1123 

-.2033 

... 

-.5898 

.3503 

Ion 

.4291 

.1713 

.3745 

-.5641 

-.3523 

tl9v 

.8954 

.0658 

-6451 

— 

-.0668 

-  6445 

tl9h 

.9229 

.0900 

.6589 

.0764 

-.6413 

t22v 

-9290 

,  1065 

.6578 

— 

-.0056 

-.6503 

t37v 

.9848 

.  1228 

,7865 

„1982 

-.6948 

t37h 

1.0000 

.1202 

.7850 

— 

.2220 

-.6755 

tasv 

.1202 

1.0000 

-.0280 

— 

-.0966 

-.0077 

t85h 

-7850 

-.9280 

1.0000 

— 

.2088 

-.5684 

surft 

— 

- 

— 

— 

mlra 

.2220 

166 

.2088 

1.0000 

-.1044 

anwd 

-.6755 

-.5684 

— 

-.1044 

1.0000 

+ — 

»now 

- H 

-.0968 

-.0239 
- 1 

-.0195 

I- - 1 

.2103 

- J 

.2677  ! 

»■ - ► 

V  103 
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TABLE  9.53  RELEVANT  STAnSTICS  BETWEEN  SSM/I  BRIGHTNESS 
TEMPERATURES  AND  REPORTED  SNOW  DEPTH  FOR  THE  EASTER^ 
TEST  AREA,  DAY  50,  1990,  ,  SCENDING  PASS 


cea/pct 

bnsic 

stats 

j  Descriptive  statistics 
j  Nunraber  of  Cases  "  131 

1  (MD  pairwise  deleted) 

in 

dbl  precision 

1  N  1  Hin  1  Max 

1 

-4 — 

Mean  1  Std.Errj  Std.Dev. 

lat 

131 

41.000U 

47.0000 

43.7519 

.16533 

1.8923 

Ion 

131 

90.0000 

96.0C00 

92.6664 

.15851 

1.8143 

tl9v 

131 

238.8000 

260.7000 

253.8069 

.51849 

5.9344 

tl9Ji 

131 

221.7000 

251.1000 

239.9221 

.69832 

7,9927 

t22v 

131 

235.5000 

259.1000 

251. 1534 

.57253 

6.5529 

t37v 

131 

209.7000 

253.0000 

239.2802 

1.17946 

13.4995 

t37h 

131 

198.5000 

246.7000 

229.3076 

1.24080 

14.2016 

t85v 

131 

117.7000 

303.4000 

202.4687 

3.53691 

40.4818 

t85h 

131 

173.4000 

290.2000 

218.1198 

1.48938 

17.0468 

aurft 

131 

14.0000 

14.00U0 

14.0000 

. COOOO 

.0000 

mlra 

131 

-99.0000 

107.0000 

-66.5916 

6.36067 

72.8012 

snwd 

131 

.0000 

685.8000 

187.5916 

13.68397 

156.6202 

snow 

131 

.0000 

88.9000 

9.2863 

1.49697 

17.1336 

I  onvjw  I  }  •  UUUU  i  j  7  *^000  i 

+ - — + - + - -► - - — + - - + - + 


•4'—-“  —  —  ———^  —  4-  — - — - —  — .  - - - 

I  css/pct  j  Corralation;)  r(x,y) 

I  basic  Number  of  Cases  »  131 

I  ebabs  !  (MD  pairwise  deleted) 

+ - - — + - + - — + - -+ — - + - + - 4 


std.tnode  | 

!  lat  1 

1  loii  1 

!  tl9v  1 

tl9h  1  t22v  i 

1  t37v 

lat  1 

;  1.0000 

1  .2419  j 

1  -.8964  1 

-.8426  I 

1  -.8974 

1  -.8318 

Ion 

.2429 

1.000 

1  -.1739 

-.3031 

1  -.1808 

-.2383 

tl9v 

-.8964 

-.1739 

1  1.0000  j 

.9313  I 

I  .9855 

I  .9082 

k.  e  •  1 

WX7M  ( 

1  A  a  M 

“♦OtdlP  1 

1  A  1 

i 

jL.uuuu  ; 

t22v  I 

-.8974 

-.1808 

.9855  1 

.9481  i 

1  1.0000 

1  .9372 

t37v 

-.8318 

-.2383 

.9082 

.9451 

.9372 

!  1.0000 

t37h 

-.7994 

-.3102 

.8685 

.9577 

.9012 

1  .9851 

tesv 

,0044 

-.2065 

.0029 

.0278 

-.0095 

.0063 

tSSb  j 

-.5691 

-.2205 

.5954 

.7271 

*  ^265 

j  .7731 

surft  j 

I 

1 

„  1 

— — 

mlra 

.1116 

.7143 

.0021 

-.0675 

.0287 

I  .0161 

enwd 

.8054 

.2609 

-.8145 

-.8212 

-.8196 

-.8301 

enow  1 

-.1985  j 

-.2361 

-2774  j 

-3907 

.2844 

j  .3269 

4 - 4 - 4- - 4 - 4 - - - + - + 


!  csa/pc:  j  Correlations  r{x,y) 

I  basic  Number  of  Cases  —  131 

I  stats  I  (MO  pairwise  deleted) 


- H 

H - 

atd.mode 

surft 

mlra  t  snwd 

lat 

-.7994 

.0044 

-.5691 

— 

.1116 

.8054 

Ion 

-.3102 

-.2065 

-.2205 

.7143 

tl9v 

.8685 

.0029 

.5954 

— 

-.8145 

tl9b 

.9577 

.0278 

,7271 

— 

-.0675 

-.8212 

t22v 

.9012 

-.0095 

— 

.0287 

-.8196 

t37v 

.9851 

.0063 

.7731 

— 

-0161 

-.8301 

t37n 

1 . 0000 

.0160 

-8092 

-.0449 

-.8245 

t85v 

.0160 

i.COOO 

«... 

-.2140 

.0562 

t85b 

.8092 

.0223 

1.0000 

-.6537 

surft 

— 

— 

— 

— 

roira 

-.0449 

-.2140 

-.0036 

- - 

1.0000 

.0947 

snwd 

-.8245 

.0562 

-.6537 

,0947 

1 . 0000 

snow 

.3836 

.0968 

.3638 

— 

-.0554 

-.2971 
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TABLE  9.54  ‘RELEVANT  STATISllCS  BETWEEN  SSM/1  BRIGHTNESS 
imirEJlAITIRES  AND  REPORTED  SNOW  DEPTH  FOR  THE  EASTERN 


TEST  AREA,  DAY  58,  1990,  ASCENDING  PASS 


cas/pc; 

bc-aic 

Btatg 


j  Descriptive  atatlatica  in  dbl  precision 
Nunmber  of  Cases  »  130 
I  (HD  pairwise  deleted) 


h  — 

— +- 

- +. 

N  1 

Min  1 

Mar  1 

M«an  1 
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polartzatioii  difference  in  the  37  GHz  channels  ajid  ihe  difference  between  the  19V  and  37V 
channels.  The  37  Oflz  polarization  difference  was  a  poor  predictor,  with  correlation  coefficients 
for  all  data  sets  less  than  0.50.  The  correlation  coefficients  between  the  19V  and  37V  channel 
difference  term  and  snow  deptli  were  generally  in  the  lange  0.55  to  0.75,  which  were  about  0. 15 
lower  than  those  of  the  37V  channel.  On  tite  few  occasions  when  the  correlation  coefficients 
were  higher,  the  interchannel  correlation  coefficient  was  also  high.  This  indicated  that  no  new 
informaiion  was  available  from  tlie  19V  channel.  Based  on  these  complete  analyses,  with 
analyses  of  partial  data  sets  from  Febniary,  1989,  the  conclusion  is  that  the  use  of  a  single 
channel,  the  37V  brightness  temperature,  provides  the  highest  correlation  coefficient  of  anv 
SSM/1  channel  or  channel  combination. 

The  results  for  the  37V  regression  with  snow  depth  for  all  grid  cells  were: 

Test  Area  n  Intercept  Slope 

East  614  246.8  -0.0488 

West  609  248.4  -0.0625 

The  regression  equation  for  this  combined  data  set  is: 


37V  (K)  ^  247.6  -jCh557*SD  (mm) 


9.4.4  Recommendations 


It  was  not  possible  to  coiisStruct  an  algorithm  which  is  suited  for  automatic  determination 
of  snow  depth  or  snow  water  equivalent  under  all  snow  conditions.  The  interpretation  of  the 
algoriiiim  prediction.^  should  b<’  conducted,  with  previous  data,  other  sources  of  data,  and  a 
knowledge  of  tl^e  areas  of  concei.i.  However  if  the  snowpack  is  known  to  be  dry,  that  is 
cla.ssified  as  dry  snow  by  the  surface  type  identifier  (see  Section  9. 1),  the  snow  depth  may  be 
exo  reted  with  a  high  degree  of  accuracy  with  a  single  channel  aigorithnn  based  on  the  37V  GHz 
brig!  tness  temperature.  The  snow  dwplh  (SD)  algorithm,  in  millimeters,  is  tiie  inverse  of  tlie 
regreision  equation  determined  in  Section  9.4.3  and  is  given  in  Table  9.55. 


TABLE  9  55  RECOMMENDED  SNOW  DEI"TH  RETRIEVAL  ALGORJITIM  FOR 

DRY  SNOW 


SD  =  444.5  -  L795*T37VCO 

17  3:? 
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SEA  ICE  VALIDATION 


10. 1  INTRODUCTION 

The  validation  of  the  Special  Sensor  Microwave/Imager  (SSM/1)  for  sea-ice  parameters 
was  carried  out  by  the  Atmospheric  Environment  Service  (AES),  Environment  Canada  on  lata 
collectcxl  from  June  1987  to  September  1988.  The  objective  of  tlie  validation  project  was  to 
determine  the  accuracy  of  the  Hughes  Aircraft  Company  (HAC)  sea  ice  algorithm*  and  the 
AES/YORK  algoritlun  for  lOtal  sea-ice  concentration,  ice  age  (i.e.,  first  year  or  multi-year  ice), 
ice  type  fractions,  and  the  location  of  the  ice  edge.  The  aim  was  to  see  if  these  retrieved 
parameters  cor'd  be  predicted  within  the  specifications  given  in  Table  10.1  and,  if  retrieval 
para  neters  fail  lO  meet  the  specifications,  to  determine,  if  possible,  corrections  needed  to  bring 
the  parameters  within  specifications.  A  description  of  the  HAC  and  AES/York  algorithms  is 
presented  in  Appendix  lOA. 

The  performance  was  to  be  assessed  for  aM  seasons  and  in  different  geographic  areas.  In 
this  project,  four  seasons  were  identified;  ice  fornr.atior  (freeze-up),  winl.T,  initial  melt,  and 
advanced  melt.  The  difi’efence  between  the  two  stages  of  melt  is  the  presence  of  snow  cover 
during  initial  melt. 

The  validation  also  included  the  operational  demonstration  of  the  HAC  and  AES/ YORK 
algorithms  for  ice  reconnaissance  and  forecasting,  which  was  carried  out  at  the  aES  Ice  Branch 
in  Ottawa  and  at  the  U.S,  Navy/NOAA  Joint  Ice  Center  in  Washington,  D.C. 

The  validation  of  the  tw'o  algorithms  for  the  three  ice  jMuameters  involved  the  comparison 
of  map  products  produced  by  the  algorithms  with  airborne  radar  imagery  flown  over  the  same 
area  as  close  in  time  as  possible  to  the  satellite  overpass.  This  was  no  trivial  task,  because  the 
radar  imagf’ry  had  to  be  uOtained  from  AES  ice  reconnaissance  aircraft  which  have  operational 
constraints  ,  i  the  timing  and  location  of  flights.  Therefore,  the  number  of  successful  evems,  that 
is,  where  airborne  radar  ima^'-.ry  is  collected  within  six  hours  of  an  SSM/I  orbit  and  over  a  large 
enough  area  to  match  the  SSM/I  orbit,  was  only  a  fraction  of  the  total  planned  events. 
Nevertheless ,  a  sufficient  number  of  events  and  numbers  of  validated  SSM/l  footprints  were 
available  to  perform  a  statistical  comparison  for  total  ice  concentration  and  ice  edge  location. 
There  were  insufficient  ice  fraction  samples  available  to  undertake  any  statistical  analysis;  only 
some  trends  in  the  data  can  be  reported.  Altogether  1.6  million  sn  km  were  validated  for  total 
ice  concentration,  and  more  than  6000  km  were  validated  for  ice  edge  position. 

The  sea  ice  validation  irogram  required  that  the  overall  accuracy  of  the  ice  parameteis 
(regardless  of  geographic  location,  total  ice  concentration,  or  .season)  be  determined.  This 


’Hughes  Aircraft  Company  dcvelopc  I  the  sea  ice  algorithm  and  associated  ground  software 
used  at  FNOC  and  AFGWC  to  process  the  data. 
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objective  was  achieved  in  this  project  by  pooling  all  the  data  together  as  a  combined  areas  data 
set. 


1 

TABLE  10.1 

1  ICE  AND  WIND  PARAMETER  REQUIREMENTS  FOR  SSM/I  VAUDATiON 

Parameter 

Geometric 

Ra.tge  of  Values 

Quantization 

Validation 

Resolution  (km) 

Levels 

Criteria 

I  (a)  IIAC  Algonthm 

Ice 

Concentration 

25 

0  to  iOG% 

5 

±10% 

Age 

50 

first-year 

1  yr 

none 

multi-year 

>1  yr 

none 

Edge  location 

25 

present/absent 

N/A 

±12,5  km 

Ocean 

1  Surface  Wind 

1  Speed 

25 

3  to  25 

1 

±2  m/s 

I  (b)  AF^/YORK  Algorithm 

Concentration 

25 

Oto  100% 

7 

±10% 

Age 

25 

Fractions  of 

0-100%  first-year 

1  yr 

±10% 

old  ice 

>  1  yr 

±10% 

Edge  location 

25 

present/absent 

N/A 

±12.5  km 

Pggah. 

Surface  Wind 
Speed 

25 

3-40  ffl/s 

1 

±2  m/s 

Because  ice  properties,  ice  nee  tiations  anti  combiiiations  of  ice  types  differ  I  jtween 
geographic  areas  and  times  of  yeir,  the  performance  of  tut  algorithms  were  examined  as  a 
function  of  these  parameters,  l^sive  microwave  sensors  are  sensitive  io  the  amount  of  free 
wa  cr  content  in  the  overlying  .snow,  a  parameter  that  varies  vrith  season. 

The  validation  project  also  examined  algorithm  performance  over  interva’r  of  ice 
concentration  as  well  a<  f  r  different  geographic  areas  and  seasons.  The  statistical  criteria  for 
whether  or  not  an  algorithm  met  tlie  originally  defined  criteria  were  more  rigorously  defii*ed  as 
follows: 
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1.  'rhe  algorithm  is  judged  successful  if  the  average  difference  ir  U  tal  ice 
concentration  was  within  ±12%  (HAC  algorithm)  or  ±10%  (AES/YORl 
algorithm)  as  well  as  at  the  95%  confidence  interval. 

2.  The  algorithm  is  marginal  if  the  average  difference  in  totai  ice  concentration  was 
within  ±12%  (±10%),  but  was  eater  than  ±12%  (±10%)  at  the  95% 
confidence  interval. 

3.  The  algoritlim  failed  if  the  average  difference  in  total  ice  concentration  was 
greater  than  ±12%  (±10%). 


The  same  critena  were  u.sed  to  judge  the  algorithm  performance  for  ice  edge  liKation,  wtli  a 
limit  of  ±  12.5  km.  Evaluation  was  not  performed  for  ice  fraction  because  of  insufficient  data. 

The  validation  team  felt  that  it  was  important  .o  study  the  performance  of  each  algorithm 
over  intervals  of  ice  concentrations  as  well  as  combining  all  the  data.  Sea-ice  concentrations 
occur  at  0-10%  aiid  90-100%  in  many  area.s  for  lengthy  periods  of  the  year;  however,  during 
periods  of  break-up,  movement  and  formation,  ice  concentrations  vary  widely  and  can  change 
quickly,  ft  is  impicrfant  to  know  how  well  the  algorii  ms  perfonn  at  intermediate  concentrations, 
and  to  determine  if  tlie  performance  is  consistent  or  varies  as  a  function  of  concentration 
interval.  The  inters '•1  selecteil  was  10%,  which  is  the  same  division  used  by  AES  Ice  Branch  in 
rqwiting  ice  conditions. 


Ihe  validatiGn  was  carried  out  i"  rivo  geographic  regions,  the  Canadian  Arctic  and  ihe 
Gulf  of  St.  Lawrence  where  corroborating  airborne  radar  data  were  available.  In  the  Aretic, 
most  of  the  validated  SSM/I  footprints  w'ere  in  the  Beaufort  Sea.  A  small  percentage  of  the  total 
sample  (<  10%)  was  in  Northern  Baffin  Bay,  Amundsen  Gulf  and  M’Clure  Strait.  The  Arctic 
data  set  for  totai  ice  concentration  compiise,s  slightly  more  than  80%  of  the  validation  samples 
where  a  sample  is  a  validated  SSM/I  footprint.  The  validation  results  for  these  areas  are 
discussed  in  detail  below. 


The  performance  of  the  two  algorithms  was  estimated  by  performing  statistical  analysis 
of  the  data  set.  The  statistics  used  include  determining  an  average  difference  of  all  the  samples 
combined.  This  provider,  an  indication  of  algorithm  performance  in  the  real  world,  but  it  can  be 
biased  by  the  distributioii  of  samples  over  the  range  of  concentration.  To  overcome  this  sampling 
bias,  a  uniform  sampl  ng  of  the  Arctic  data  set  was  undertaken.  The  resulting  statistics,  e.g. 
mean  difference,  standard  deviation  and  95%  confidence  interval  between  the  algorithm  and  the 
radar  total  ice  concentrations  provides  the  overall  estimate  of  accuracy. 

Tlie  sampling  for  total  ice  concentration  was  biased  towards  the  0-10%  and  90-l(X)% 
concentration  bins  which  made  up  a  lai^e  proportion  of  the  samples.  Pait  of  the  problem  was 
that  the  airborne  radar  imagery  covered  areas  and  time  of  yKU"  where  an  almost  complete  ice 
cover  was  present,  e.g.,  Beaufort  Sea  in  tlie  fall  and  winter,  or  where  the  aircraft  flew  along  or 
adjacent  to  the  ice  edge  such  that  one  of  the  two  radar  swaths  imaged  mostly  ipen  water 
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conditions.  Figure  10.1  illuslratcs  the  distribution  of  samples  for  the  SSM/1  algorithm  for  all 
areas  and  seasons  combined.  Over  2/3  of  ihe  samples  were  either  at  0-10%  or  90-100%  ice 
concentratioi.  intervals.  The  bias  was  removed  using  two  techniques: 


MaKsit'CCl  Concantratlon  lnt»rv»l  £10 

Figure  10. 1  -  Distribution  of  total  ice  concentration  samples,  HAC  algorithm. 

1.  Examining  the  mean  differences  over  10%  ice  conccmtiation  intervals. 

2.  Extracting  equal  numbers  of  .samples  over  the  range  of  (XMicentrations  to  produce 
statistics  and  distributions  similar  to  those  for  the  entire  sample  population. 

10.2  TOTAL  ICE  CONCEm'RATlON  RESULIS 

Using  the  acceptance  criteria,  the  results  of  the  two  algorithms  for  all  data  pooled  and 
by  season  are  presented  in  Table  10.2. 
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The  results  are  for  samples  where  there  was  less  than  3  h  between  the  radar  imagery  and 
SSM/I  overpass.  The  average  difference  and  standard  deviation  in  concentration  between 
algorithm  and  radar-based  estimates  for  the  SSM/I  and  AES/YORK  algorithnts  are  presented  in 
Figures  10.2  and  10.3. 


C 

r 


r. 


I4e«3«ured  Coetccntrdffon  (m)  (a) 


Figure  10.2  -  Mean  difference  and  standard  Figure  10.3  -  Mean  difference  ar.d  .standard 

deviation  HAC  vs  radar  for  otal  ice  deviation  AES/YORK  vs  radar  for  total  ice 

concentration,  Arctic,  pooled.  concentration,  Arctic,  pooled. 


o  Both  algorithms  underpredict  total  ice  concentration  across  the  entire 

concentration  range. 

o  Boil!  algorithms  work  best  at  low  ice  concentrations,  less  than  or  equal  to  20% 
for  HAC,  less  than  oi  equal  to  30%  for  AES/YORK. 

o  The  AES/YORK  algorithm  performi  better  at  h.gh  concentrations  (y0-ltX)%) 
where  the  average  difference  is  underpredicted  by  less  than  10%. 

o  Both  algorithms  significantly  underpredict  in  the  middle  range  of  ice 

concentrations.  Both  exhibit  a  characteris  c  "curve"  where  the  undeiprediction 
increases  with  increasing  ice  concentration  until  it  reaches  a  maximum  at  70  to 
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TAnLB  10.2 


TOTAL  irn  o'NrBisrrRATLJN  i:vALUAnoN  criteria  for  arctic: 


Algorithm 

Tor)lcd 

ke 

Formation 

Winter 

InitirJ  Melt 

Advanced 

Mell 

HAC 

Failed 

Failed 

Successful 

Successful 

I’ailcd 

AES/YORK 

Successful 

Marginal 

Succes.sful 

Successful 

Marginal 

ITic  results  arc  for  samples  where  theie  was  less  than  3  h  between  the  radar  imagery  i>nd 
SSM/I  overpass.  T  le  average  difference  and  standard  deviation  in  concentration  between 
algorithm  and  radar-based  es  i mates  for  the  SSM/I  and  AES/YORK  algorithms  are  presented  in 
Figures  10.2  and  10.3. 


Figure  10.2  -  Mean  difference  and  standard 
deviation  HAC  vs  radar  for  total  ice 
concentration,  Arctic,  pooled. 


o  Roth  algorithms  uxiderpredici 
concentration  range. 

o  Botli  algorithms  work  best  at  low  ice  concentrations,  less  Ojan  or  equal  to  7.0% 
for  HAf,  less  than  or  equal  to  30%  for  AES/YORK. 


Figure  10.3  -  Mean  difference  and  .standa.’’^ 
deviation  Ai^/YORK  vs  radar  for  t  ttal  ice 
concentration,  Arctic,  pooled. 


total  ice  concentration  acn>ss  the  entisc 


o  ITte  AES/YORK  algorithm  {»erfonns  Itetter  at  high  concentrations  (90-100%) 
where  the  average  difference  is  undcipredicted  by  less  than  10%. 

o  Both  algorith.ms  significantly  underpredict  in  the  middle  range  of  ice 
concentrations.  Both  exhibit  a  characteristic  "cup/c”  where  the  undcrprediction 
increases  with  increasing  i(  ^  concentration  until  it  reaches  a  maximum  at  70  to 
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90%  concentralions  for  HAC,  50%  for  AES/YORK.  BoOi  aJgonIhiiis  'nip'.^-vP  for 
the  90-100%  inlrrviJ,  bul  HAC  still  ur  lerpncdicts  by  over  20%.  The  improved 
performance  ft>i  90  100%  is  sfill  not  as  good  as  for  lf»e  lower  eoMceiilrations. 


iO.2.1  Icc  Formation 

For  the  ice  formation  phase  if’C  results  re^'ca!  that: 

o  algorithms  perform  s  icccssfully  within  the  criteria  for  the  0-10%  ice 

concentration  bin  but  both  undeT>redict  for  the  higher  intervals. 

o  Foi  concentrations  20-30%  above  Cincluding  90-100%),  the  HAC  algorithm 
'.inderpn^dicts  well  below  the  12%  acceptance  criteria. 

o  Tlje  AES/YORK  algorithm  shows  the  same  trend,  but  begins  to  undeqiredtct  by 
mote  tlvii-r  10%  at  the  40-50%  concentration  bin.  There  i;J  improvement  at  ‘H)- 
10u%,  similar  to  the  pooled  data  results. 

c  The  undeiprediction  is  due  to  the  presence  of  new  ice  and  the  lefirccring  of  ol« 
ice  freshwater  meltponds. 


10.2.2  Winter 

For  the  winter  ice  phase  the  results  show  that: 

o  0\ter  90%  of  the  samples  are  in  the  90-100%  concentration  bin,  reflecting  the 
typical  ice  conditions  for  the  Arctic  at  this  time  of  year. 

o  Both  algorithms  perform  well  iii  cold  conditions  and  at  high  ice  concentrations. 
Their  perfoimance  in  winter  is  better  d^an  any  other  season. 

o  'fhere  were  in-siifScient  samples  al  lower  icc  concentrations  to  fully  test  the 
accuracy  of  the  r-  gorithms. 

10.2.3  Initial  Melt 

For  the  initial  melt  pha.se  the  results  indicate  that: 

o  Between  65  and  70%  of  (he  samples  were  at  icc  concentrations  less  tlian  or  equal 
to  10%.  This  sampling  is  not  typical  of  icc  conditions  in  the  Arctic  at  this  time 
of  year.  'Hic  data  set  was  limited  by  the  lack  of  radar  coverage  of  the  aiea 
because  the  AES  aircraft  does  not  cover  tite  area  operationally  at  this  time. 
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o  No  inference  can  be  made  about  the  accuracy  of  the  algorithias  at  higher  ice 
concentrations.  More  .samplc.s  arc  nec<^cd  at  the  higher  ice  concent ration.s  to 
confirm  algorithm  perfonnan  c. 

s 0.2.4  AiiYaDcedJdelJt 

o  There  were  sufficient  sampler;  over  the  range  of  concentration  to  determine 
overall  algorithm  'performance  a.s  well  as  h  tween  icc  concentration  bins. 

o  Both  algorithms  undcrpredict  total  ice  concentration  for  all  the  concentration  bins. 


o  rhe  HAC  predicts  be.st  for  concentrations  less  than  20%.  For  all  concentration 
bins  above  10-20%,  including  the  90-100%  bin,  it  significantly  underpredicts  icc 
concentration.  This  is  probably  tire  result  of  high  water  coverage  on  the  ice  at  this 
time  of  year  [1]. 


o  The  AES/YORK  algorithm  shows  a  similar  trend  to  HAC,  except  tliat  the 
underprediction  is  less  (by  at  least  10%)  for  all  concentration  bins. 

10.2.5  Gulf  of  St.  Law.-ence  Red  n^LKifSlUs 


The  number  of  samples  is  considerably  less  than  in  the  Arctic.  Samples  were  available 
for  only  two  season.s,  ice  formation  and  winter.  Tlic  evaluation  criteria  applied  to  the  two 
algo'  for  this  area  is  summarized  in  iVoie  10.3. 


o  Mom  than  80%  of  the  samples  are  in  the  90-100%  concentration  interval.  The 
acceptance  criteria  can  only  be  applied  to  this  bin  because  of  insufficient  data  in 
the  other  bins. 
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l-igiircs  10.4  and  10.5  present  mean  difference  and  standard  deviation  by 
concentration  interval.  The  variability  of  the  data  reflects  the  low  number  of 
samples.  'Fhe  following  oltservadons  may  be  made: 


iS  ^  S  '  X  ^ 

CorM«nbnolf«n 


"~3i  *  X  *  X  ■£  '  tST 

ItoflMiurAd  C— (n) 


f  igure  10.4  -  Mean  difference  and  standard 
deviation  HAC  vs  radar  for  total  ice 
concentration.  Gulf  of  St  Lawience,  pooled. 


Figure  10.5  -  Mean  difference  and  standard 
deviation  AES/ YORK  vs  radar  for  total  ice 
concentiation,  Gulf  of  St  Lawrence,  pooled. 


10.2.2.1  Ice  Formation  and  Winter 

For  the  ice  formation  and  winter  phases  the  results  indicate  that: 

o  'I’lie  evaluation  criteria  results  are  greatly  infSuericed  by  Uic  high  proportion  of 
new  and  thin  ice  types  which  the  algoritlims  appear  to  have  difflculty  predicting. 

o  The  first-year  ict  in  the  Gulf  is  not  as  thick  as  that  in  the  Arctic  in  the  winter 
months  and,  there  is  a  higher  percentage  of  new  and  thin  ice  in  the  matrix.  These 
factors  contribute  to  ihe  diffeienccs  in  algorithm  performance  for  the  Gulf. 


10.2.2  Uniform  Sampling 

To  remove  the  bias  of  the  total  ice  concentration  pooled  data  set  for  the  disproportionate 
number  of  samples  in  the  0-10%  and  90-100%  concentration  intervals  (where  both  algorithms 
perform  better),  an  equal  number  of  samples  fh  .n  each  10%  interval  was  analyzed  statistically. 
The  resulting  distributions  of  uniform  sampling  for  the  HAC  and  the  AES/YORK  algorithms  are 
presented  in  Figures  10.6  and  10.7,  respectively.  Note  that 

o  Both  algorithms  show  degraded  performance,  with  increased  mean  differences  and 
higher  standatd  deviations. 

o  The  trend  in  thfj  differences  over  the  mid-range  of  concentrations  is  similar  to  the 
complete  tlata  set  (Figures  10.2  to  10.5).  The  distributions  confirm  the  tendency 
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for  the  algorithms  to  und^predict  total  ice  concentration  particularly  in  the  middle 
corscentration  ranges. 

o  Using  the  evaluation  criteria  for  total  concentration  on  the  uniform  sampling  of 
the  pooled  data  set,  both  algorithms  failed. 


d  CbACBnlMsMen  (^) 


Figure  10.6  >  Mean  dilfeienoe  and  standard 
deviation  HAC  vs  radar  for  total  ice 
concentration,  Arctic,  uniform  sampling. 


Figure  10.7  -  Mean  diffenatce  and  standard 
deviation,  AES/YORK  vs  radar  for  total  ice 
concentration,  Arctic,  uniform  sampling. 


10.3  ICE  EDGE  LOCATION  RESULTS 

Validation  of  ice  edge  was  only  possible  for  relatively  simple  ice  edges.  Sections  of  the 
ice  edge  that  were  convoluted,  consistedi  of  plumes  or  embayments,  or  were  otherwise  complex 
could  not  be  validated  because  there  was  no  consistent  way  to  make  measurements  between  the 
radar  and  the  algorithm  ice  edge  locations.  This  difficulty  reduced  the  number  of  samples 
available  for  subse<|uent  statistical  analysis. 

During  the  ice  formation  and  winter  seasons  ice  edge  comparisons  were  further 
complicated  by  die  presence  and  formation  of  new  ice.  Ice  edge  measurements  were  made  only 
where  no  ambiguity  existed  in  interpreting  new  or  thin  ice  in  the  radar  imagoy.  However,  the 
time  between  the  radar  coverage  and  the  SSM/I  overpass  was  critical  because  the  two  sensors 
may  detect  different  distributions  of  the  edge  simply  because  of  new  ice  growth,  lliese  factors 
reduced  the  leiigth  of  ice  edge  available  for  comparison  of  the  radar  and  SSM/I. 

Almost  90%  of  ice  edge  measurements  were  made  for  the  Beaufort  Sea  data.  The 
distribution  of  ice  edge  displacements  for  die  combined  areas  provide  a  representative  and 
consistent  measure  of  algorithm  perfonnance. 

The  distribution  of  ice  edge  measurements  for  the  HAC  algorithm  (Figure  10.8)  sliows 
a  tendoicy  to  underpredi,.!  the  ice  edge  location.  The  .samples  an  skewed  into  the  ii  with  a 
mean  difference  between  -11  and  -20  km  (bin  no.  -1). 
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Figure  10.8  -  Distribution  of  ice  edge  differences,  HAC  vs  radar 

for  ail  areas  combined. 


The  ice  edge  displacxmcnt  results  for  the  AES/TORK  algorithm  are  presented  in  Figunr 
10.9.  More  t«ian  90%  of  the  samples  fall  within  ±20  km  of  the  ice  edge  as  derived  from 
airborne  radar  imagery.  The  samples  are  imiformly  distributed  about  the  ice  edge  location,  with 
positive  di^lacements  rqnesenting  edge  locaticms  b^ond  the  ice  edge  and  negative 
displacements  indicating  ice  edge  locations  within  the  ice. 


I'ables  10.4  and  10.5  summarize  the  evaluation  criteria  for  ice  edge  location  for  the  tv/o 
algorithms  for  the  Arctic  and  Gulf  of  St.  Lawrence  respectively. 


TABLE  10.4 


ICE  EDGE  EVALUATION  CRITERIA  FOR  CANADIAN  ARCTTC 


Algorithm 

— - - — 

Poolec 

Ice  Formation 

Inibal  Melt 

Advanced  Melt 

HAC 

Failed 

Marginal 

Failed 

Failed 

AES/YOJtK 

Successful 

Successful 

Successhil 

Marginal 
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Figure  10.9  -  l^istributio  of  ice  edge  diff(Menccs,  AES/YORK  vs  r?idar 

for  all  areas  combined. 


ICE  EIX3E  EVALUATION  CRTTERIAL  FOR  GULF  OF  ST.  LAWRI NCE 


Algorithm 

Pooled 

Ice  Fonnation  | 

HAC 

AES.'YORK 

Marginal 

Marginal 

Marginal 

Marginal 

] 

10.4  ICE  FRACTION  RESULTS 

The  validation  of  ice  fraction  was  not  possible  because  of  the  low  number  of  samples. 
Consequently  no  statistical  analysis  was  undertaken.  Of  the  total  sample  population,  only  10% 
were  at  high  old  ice  concentrations  (81-100%)  because  of  the  scarcity  of  coincident  airborne 
radar  coverage  for  such  areas. 

The  HAC  algorithm  does  not  produce  an  old  ice  concentration;  it  reports  old  ice  if  the 
concentration  is  above  35  % .  Therefore  the  v,ilidation  of  the  HAC  algorithm  for  ice  fraction  was 
really  a  question  of  whether  or  not  it  reliably  reports  old  ice  when  its  fraction  is  ibove  35%. 
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The  only  trends  apparent  were  that  for  the  AES/ YORK  algorithm,  it  was  underestimating 
the  old  ice  fraction  for  the  limited  number  of  samples  available,  and  for  old  ice  concentrations 
above  80%,  the  ^LAC  algorithm  flagged  old  ice  in  about  half  of  tlie  samples. 

10.5  ADDITIONAL  RESULTS 

There  were  additional  shortcomings  with  the  HAC  algorithm  which  are  not  apparent  in 
the  statistical  results  ccmceming  adverse  weather  conditions  and  the  ice  edge  contour.  There  were 
areas  occasionally  shown  by  the  algorithm  as  ice  oovmed  where  no  ice  should  be  present.  An 
example  in  the  l^rador  Sea,  is  shown  on  the  left  in  Figure  10. 10,  whexe  ice  along  the  coast 
was  extended  by  the  HAC  algorithm  into  an  apparent  ice  cover  all  the  way  to  the  west 
Greenland  coast.  The  problem  could  be  eliininated  by  a  suitable  weather  filter  algorithm,  as  is 
incorporated  in  the  AES/YORK  algorithm,  and  illustrated  on  the  right  in  Figure  10.10. 

The  s^ropriateness  of  the  30%  HAC  ice  edge  contour  as  the  me  to  define  ice  edge  is 
questioned  b^use  of  high  ice  concentrations  observed  along  it.  The  ice  edge  (or  0%  ice 
concentration  contour)  as  determined  on  the  radar  imagery  corresponded  to  a  HAC  algorithm 
ice  concentration  of  between  25  and  50% ,  with  an  average  of  35  %  ice  concentration,  depending 
on  the  ice  types  present.  The  30%  KAC  algorithm  ice  contour  was  observed  to  corr^pond  to 
an  average  ice  concentration  of  55%.  In  comparison,  the  AES/YORK  algorithm  at  the  0%  radar 
ice  concentration  contour  corresponded  to  an  ice  concentration  of  betw^  0  and  25%,  with  an 
average  ice  concentration  of  16%,  depending  on  ice  type  and  the  10%  AES/YORK  algorithm 
ic#'  edge  corresponded  to  an  average  ice  ccncsntraticn  of  25  % . 

The  HAC  algorithm  was  designed  to  flag  the  presence  of  old  ice  only  when 
concentrations  reached  35%  or  r.iore  of  the  total  ice  concentration.  Because  it  only  flags,  but 
does  not  determine  the  icc  fraction  concentration,  its  usefulness  is  reduced  for  operational 
purposes.  The  AES/YORK  algorithm  is  designed  to  provide  open  water,  first-year,  and  old  ice 
friu^ons.  It  also  allows  retrieval  of  the  ocean  surface  wind  speeds,  cloud  cover,  precipitation, 
and  water  vapor  for  ice  free  ar  as. 

10.6  CONCLUSIONS/RECOMMENDATIONS 

o  The  AES/YORK  algorithm  is  recommended  for  operational  use.  It  is  superior  to 
the  HAC  algorithm  for  total  ice  concentration  estimates  and  ice  edge  lcx:ation  for 
he  geographic  areas  and  seasons  validated  in  this  project.  AE5/YORK  also 
pnxluces  more  specific  estimates  of  old  ice  concentration. 

It  is  recommended  that  a  tailored  or  reduced  version  of  the  AES/YORK  algorithm  be 
implemented  for  operatioii'l  use.  See  Appendix  A  for  a  description  of  the  co  nplete  AES/YORK 
algorithm.  This  taiiorin,  is  necessary  for  two  major  reasons.  First,  the  AFS/YORK  was 
constructed  to  retrieve  not  only  the  basic  SSM/I  parameter  of  sea  ice  concentration  and  identify 
first-year  and  multi-year  ice  types  but  also  additional  parameters  such  sus  the  fractions  of  first- 
year,  multi  V  ar,  and  thin  ice  within  the  SSM/I  footprint  as  well  as  ocean  surface  wind  speed 
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Figure  10.10  SSM/I  sea  ice  concentralion  retrieves  from  HAC  and  AFuS/YORK  algorithms. 


and  vertical  columns  of  wate  vapor  and  liquid  cloud  water.  Second,  the  computer  resources 
required  to  implement  the  complete  AES/YORK  algorithm  are  significantly  greater  than  the 
proposed  tailored  version.  Tlie  error  in  the  retrieved  sea  ice  concentration  using  the  tailored 
AlivS/YORK  algorithm  is  essentially  that  associated  with  the  complete  algorithm  and  as  discussed 
rarlier  is  typically  less  than  10-12%. 


10.6.1  Recommended  Sea  Ice  Algorithm 


Figure  10.11  presents  a  flow  chart  of  the  reduced  version  of  the  AES/"^  ORK  sea  ice 
algorithm.  Specific  equations  id  decision  tests  employed  in  the  algorithm  are  presented  in 
Table  10.6  and  the  ocean  regions  where  sea  ice  is  possible  and  the  algorithm  should  be 
implemented  are  given  in  Table  10.7.  The  initial  test  identified  in  the  flow  chart,  Test  1,  checks 
for  the  reasonableness  of  the  19V,  19H,  37V,  and  37H  SDRs  and  polarization  differences  19V- 
I9H,  37V-37H.  If  any  of  the  inequalities  in  Test  1  of  Table  10.6  are  true,  no  sea  ice 
concentration  or  ice  type  identification  is  retrieved.  If  none  of  these  inequalities  are  true,  the 
SDRs  are  reasonable  for  open  ocean  or  sea  ice  and  total  sea  ice  concentration,  TOTICE,  is 
computed  either  for  winter/fall  conditions  or  suininer/spring  conditions.  Equation  A  in  Table 
0.6  is  used  to  compute  TOTICE  and  employs  only  the  19V  and  37V  SDRs.  Depending  on  the 
value  of  TOTICE  and  several  subsequent  threshold  tests,  new  values  of  TOTICE  may  be  com  ¬ 
puted.  As  shown  in  Figure  10.11,  a  threshold  TC  Is  selected  depending  on  the  condition  of 
winter/fall  or  summer/spring.  TC  is  essentially  an  atmospheric  offset  threshold  used  later.  The 
next  step  in  the  algorithm  is  to  c  mpute  a  discriminate  D  which  is  an  estimate  of  the  total  ice 
concentration  independent  of  Equation  A  arid  is  expressed  by  Equation  C  in  Table  10.6.  Test 
2  which  follows  the  computation  of  D  is  a  consistency  check  between  TOl  ICE  and  D.  If 
TOTICE  and  D  are  both  less  than  <  r  equal  to  0.7,  additional  testing  is  necessary  to  determine 
the  inHucnce  of  clouds  and/or  ocean  roughrtess.  These  tests  are  identified  as  tests,  3,  4,  and  5 
in  the  flow  diagram.  If  TOTICE  is  greater  than  0.7  or  in  the  event  the  output  of  these  tests 
results  in  TOTICE  being  less  than  or  equal  to  0.5  and  D  greater  tharr  0.15  (test  6),  then  the 
effects  of  cloud  and  ocean  roughness  arc  unimportant  and  the  algorithm  recomputes  TOTICE 
using  only  the  37V  and  37H  channels  with  Equation  D  of  Table  10.6.  This  is  done  to  take 
advantage  of  the  higher  resolution  of  the  37  GHz  data  and  provides  greater  accuracy  in 
determining  sea  ice  edge.  (The  highest  resolution  85  GHz  channels  are  currently  not  employed 
in  sea  ice  concentration  retrievals.  Under  clear  sides  and  calm  ocean  surface,  the  85  GHz  data 
offers  the  potential  for  determining  sea  ice  edge  to  ±6  km).  In  tlie  event  clouds  or  ocean 
roughness  is  important,  the  previous  value  of  TOTICE  is  used.  Test  6  is  followed  by  out-of- 
bounds  checking  of  TOTICE  and  if  TOTICE  is  less  than  0.25  no  ice  type  identification  is  made. 
If  TOTICE  is  greater  than  or  equal  to  0.25,  the  ice  type  identifier  TBI  is  computed  with 
Eciuaticm  E,  If  TBI  is  less  than  238,  the  fraction  of  ice  is  predominately  multi-year  ice. 
Othcrwi.se  the  fraction  is  predominately  first-year. 
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Figure  10.11  -  Recommended  sea  ice  algorithm  flow  char 
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TABLE  10.6 

EQUATIONS  AND  TESTS  USED  IN  RECOMMENDED  SEA  ICE  ALGORITHM 
ISQUAHOHS 

A.  TOnCE  ^  CWF(l)  *  T^  +  CWF(2)  •  Ta,w  +  CWF(3) 

B.  TOnCE  =  CSS(l)  *  Tb„v  +  CSS(2)  *  T-,„  +  CSS(3) 

C.  D  =1.0-  0.05 13  *  (Tbjtv  -  Tbi,v) 

D.  TOnCE  =  CTib-'  +  0.5  *  Tg^  -265.0)  *  0.01 

E.  TBI  =  FTr  v  -TC  -  (1.0  -  TOnCE)  •  ISOJ/TOTICE 

F.  TC  =  14.0 

G  TC  =  6.8 

B  WCUT  =  6.0 

I  WCUT  =  8.5 

WINTER/FALL  COEFFICIENTS  SUMMER/SPRING  COEFHCIENTS 
CWF(l)  =  -C.013656219  CSS(l)  =  -0.015231617 

CWF(2)  =  0.024412842  CSS(2)  =  0.025911011 

CWF(3)  =  -1.677645  CSS(3)  =  -1.656920 

lESIS 

1.  Tb,5v  ^  151.0  OR 

Tbiw  ^  92.0  OR 
Tayr/  ^  171,0  OR 
Tbjth  ^  125.0  OR 

k^EHv  '  Ta^yii)  2:  80.0  OR 
(Tb37v  '  I'bjth)  ^  80.0  OR 
Tbuh  ^  Tbi9v  OR 

3'837H  ^  Tb3-,y 

2.  TOTICE  0.7  AND  D  <;  0.7 

3.  D  ^  0.3  AND  [Tafrv  *  1-5  -  Tb„v1  >  120.0 

4.  Tbjtv  ^  215-0 

5.  D  ^  0.15  OR  [Tbjth  '  2  •  Tai,y  +  270.0]  3;  WCUT 

6.  xanCE  0.5  ANDD  >  0.15 


TABLE  10.7 


REGIONS  WHERE  SEA  ICE  MAY  EXIST  AND  THE  RECOMMENDED 
ALGORITHM  SHOULD  BE  IMPLEMENTED 


1 .  Southern  Hemisphere:  All  ocean  r^ons  less  than  50S  latitude. 

2.  Northern  Hemisphere:  All  ocean  r^ons  above  65N  latii  Ic. 

A.  Alaska  Area:  longitude  165-200E  and  latitude  S0-90N 

B.  Gulf  of  St.  Lawrence  and  Hudson  Bay:  longitude  24iL31SE  and  latitude  42-90N 

C.  Sea  of  Japan  and  Sea  of  Okhotsk:  longitude  130- 1S5E  and  latitude  40-90N 

D.  Baltic  and  North  Sea:  longitude  5-30E  and  latitude  53-90N 

E.  Kamchatka  Peninsula:  longitude  15S-165B  and  latitude  45-  90N 

F.  Iceland:  longitude  33(F350E  and  l^tude  60-90N 


H.  White  Sea:  longitude  30-50E  and  latitude  63-90N 

I.  Yellow  Sea:  longitude  1 15-130E  and  latitude  37-90N 

J.  Kodiak  Island:  longitude  200-2 lOE  and  latitude  5S-90N 

K.  Gulf  of  Alaska:  longitude  210-240E  and  latitude  58-90N 


10.7  REFERENCES 

f  1]  D.  A.  Elkin  and  R.  O.  Ramseier,  "Validation  of  a  Passive  Mi  rowave  ."ea  Ice  Data  Set 
for  Hudson  Bay,"  First  Circumpolar  S3anposium  on  Ret.iote  Sensing  of  Arctic 
Environments,  Yellowknife,  N.W.T.,  Canad  ,  1*^90. 
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TABLE  10.7 

REGIONS  WHERE  SEA  ICE  MAY  EXIST  AND  THE  RECOMMENDED 
ALGORITHM  SHOULD  BE  IMPLEMENTEE 

1.  Southern  Hemisphere:  All  ocean  r^ons  less  than  50S  latitude. 

2.  Nortljem  Hemisjrfierc:  All  ocean  r^ons  above  65N  latitude. 

A.  Alaska  Area:  longitude  16S-200E  and  latitude  S0-90N 

B.  Gulf  of  St.  Lawrence  and  Hudson  Bay:  longitude  240-315  - 1  and  latitude  42-90N 

C.  Sea  of  Japan  and  Sea  of  Okhotsk:  longitude  130-155E  and  latitude  40-90N 

D.  Baltic  and  North  Sea:  longitude  5-30E  and  latitude  53-90N 

£.  Kamchatka  Peninsula:  longitude  155-.65E  and  latitude  45-  90N 
F.  Iceland:  longitude  330-350E  and  latitude  60-90N 
G  Greenland:  longitude  315*330E  aaid  latitude  55-OON 

H.  White  Sea:  longitude  30-50E  and  latitude  63-90N 

I.  Yellow  Sea:  longitude  115-130Eand  latitude  37-90N 

J.  Kodiak  Island:  longitude  200-2 lOE  and  latitude  55-90N 

K.  Gulf  of  Alaska:  longitude  210-240E  and  latitude  58-90N 

10.7  REFERENCES 

[1]  D.  A.  Etkin  and  R.  O.  Ramseier,  "Validation  of  a  Passive  Microwave  Sea  Ice  Data  Set 
for  Hudson  Bay,"  First  Circumpolar  Symposium  on  Remote  Sensing  of  Arctic 
Environments,  Yellowknife,  N.W.T.,  Canada,  1990. 
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ACRONYMS 


ACIF 

AES 

AES/PhD 

AES/YORK 

AIMR 

DEF 

FNOC 

ICEC 

ISTS 

JIC 

NOAA 

NPOC 

NRL 

SAR 

SLAR 

SwSM/I 


Icc  Forecasdiig  Division  of  AES  Ice  Branch  (Ottawa,  Ontario,  Canada) 

Atmospheric  Environment  Service  (Canadian  D^^aitment  of  the  Environment) 

algorithm  developed  by  AES  and  PhD  Associates  7  c. 

algorithm  develtqied  by  AES  and  York  University 

airborne  imaging  mi  oowave  radiometer 

ephemsris  data  tapes 

Fleet  Numeric  Oceanographic  Center  (Monterey,  California,  J.S.A.) 

Ice  Centre,  Environment  Canada  (Ottawa,  Ontario,  Canada) 

Institute  of  Space  and  Terrestrial  Science,  York  University 
Joint  (NGAA/NAVkO  Ice  (Tenter  (Washington,  D.C.,  U.S.A.) 

U.S.  National  Oceanic  and  Atmospheric  Administration 

U.S,  Naval  Polar  Oceanographic  Center  (Washington  D.C.,  U.S,  A.) 

Naval  Research  Laboratory  (Washington,  D.C  ^S.A.) 

synthetic  aperture  radar 

side- looking  airborne  radar 

special  sensor  microwave/inuger 

scan,  mg  multicharmel  microwave  radiometer 


SSMR 


APPENDIX  lOA 


C 


I  OA.O  DESCRIPTION  OF'  II AC  AND  COMPLETE  AES/YORK  SEA  ICE  ALGORTTUMS 

rr 

lOA.l  BACKGROUND 

The  sea  ice  algorithm  used  oy  the  U.S.  Navy  for  the  SSM/I  was  developed  during  the 
1970s  by  Environmental  Research  and  Technology  Inc:,  under  a  subcontract  from  Hughes 
AircraA  Corporation,  and  was  tested  during  the  NIMBUS  satellite  series  of  scanning 
multichaiuiel  microwave  radiometers  (SMMR).  The  HAC  algorithm  was  tested  extensively  from 
1982  to  1987  by  the  Ic-  Research  and  Development  Division  of  Ice  Branch,  Abnospheric 
Environment  Service  (AES)  wliich  is  part  of  the  Canadian  Department  of  the  Environment,  for 
both  research  and  operational  purposes.  To  improve  the  retrieval  of  ice  information  in  all 
weather  conditions  and  to  optimize  the  use  of  SMMR  channels  anothm*  algorithm  was  developed 
(produced  under  contract  to  AES  by  PhD  Associates  Inc.).  Known  as  the  AES/PhD  version,  it 
also  underwent  research  and  operational  testing  from  19M  to  1987, 


By  the  time  of  the  SSM/I  launch  in  Jum  1987,  an  updated  version  of  the  AES/PhD 
algorithm  was  introduced  by  AES  and  the  Microwave  Group  at  the  Institute  of  Space  and 
Terrestrial  Science  (ISTS),  York  University,  w>ach  is  now  known  as  the  AES/YORK  algorithm. 
This  algorithm  has  been  evaluated  with  ^e  HAC  algorithm  in  this  validation  program.  The 
AES/ YORK  algorithm  incorporates  weather  and  sea  state  corrections  to  aid  in  the  retrisval  of 
ice  type  (fractiCR),  ice  ccncentratioR,  and  icc  edge  positioii  for  opcrauonal  ice  reconnaissance. 
The  Canadian  validation  program  was  based  on  the  criteria  listed  in  Table  10.1,  and  the  more 
stringent  Canadian  criteria  for  resolution  requirement  of  ice  age  and  total  ice  cmicentratic  n  were 
applied  to  die  AES/YORK  algorithm  while  ^e  U.S,  criteria  were  applied  to  die  HAC  algoritlim. 


The  Canadian  validation  program  also  involved  an  operational  demonstration  and 
evaluation  projec  t  in  which  both  the  AES  Ice  Branch,  Ice  Forecasting  Division  (ACIF),  and  the 
U.S.  Navy/NOAA  Joint  Ice  Center  participated.  Both  ice  centres  were  given  near  real-time  ice 
charts  using  the  AES/YORK  ice  algorithm  by  pulling  near  real  time  SSM/I  data  from  the  Fleet 
Numeric  Oceanographic  Centm*  (FNQC)  in  Monterey,  California,  lliis  was  made  possible 
through  support  from  the  Naval  Research  Laboratory  (NRL). 

Because  the  AES/YORK  icc  algorithm  uses  weather  a  i  sea  state  corrections  to  enliance 
the  retrieved  ice  parameters,  a  number  of  u.seful  side  products  were  obtained  for  the  ice-free 
ocean  area,  such  as  wind  speed,  areas  of  precipitatimi,  atmosidteiic  water  vapor,  and  cloud 
amount.  Six  Canadian  weather  centres  participated  in  an  operational  demonstration  and 
evaluation  of  tliese  parameters  from  20  January  to  31  March  1988.  Tlie  results  of  this  exercise, 
which  were  very  promising,  have  been  published  in  a  report  by  Rai.isder  et  al.  [1] 
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In  the  microwave  region,  the  radiation  intoisity  received  by  a  radiometer  is  proportional 
to  die  absolute  temperature  of  the  medium.  This  afiparcnt  temperature  is  referred  to  as  brightness 
temperature,  T^  The  attenuation  of  the  surface-emitted  radiation  and  the  transmittance  of  the 
atmosphere  arc  both  related  to  the  o|iticaI  thickness  of  llie  atmosphere  (c). 

In  the  absence  of  scattering,  the  brightness  temperaturs-.  sensed  by  a  satellite  radiometer 
can  be  represented  by  [2]: 


r/z.e)  =  T„(z.e)  =  e^cr,+(i-e)r^ 


(1) 


where  Tg  =  brightness  temperature, 
z  =  satellite  location  height, 

3  =  incidence  angle, 
c  =  effective  surface  eniissivity, 

c  =•  total  opacity  of  the  atmosphere  along  the  line  of  sight, 
Ts  =  surface  temperature. 


The  quantities  Tgi  and  Tgj  sue  proportional  to  the  upward  and  downward  emission  from  the 
atmosphere,  respectively,  plus  attenuated  sky  background  radiation,  and  can  he  calculated  from: 


T..  ‘  atcQdz' 


(2) 


'B2 


'^eaanic* 


(3) 


where 

c(z)  =  J  0  g(z)sec<!>dz, 

g(z)  —  total  opacity  at  height  z,  representing  the  sum  of  the  nntiribuuons  from  water 
vapor,  oxygen,  and  liquid  water  droplets  in  cloud. 

As  the  mixing  ratio  of  oxygen  is  essentially  cx)nstant  and  the  absorption  coefficient  is  very 
weakly  temperature  dependent,  they  contribute  to  a  constant  offset  in  the  1  to  40  GHz  region. 
The  absorption  caused  by  non -pre-;!pitating  watei  droplets  in  the  atmosphere  has  a  linear 
dependence  on  the  amount  of  liquid  water  and  a  quadrat'c  variation  with  frequency  f  lj. 


Tlie  intensity  of  the  atmospheric  radiation  can  be  calculated  using  results  from  Swift  et 
al. ,  [4].  For  the  frequencies  used  in  the  algorithms  validated  some  typical  values  for  the  opacity 
coefficierit  and  the  atmo^heric  contribution  to  the  observed  brightness  temperature  are  presente^l 
in  Table  lOA.  1 
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TYPICAL  VALUES  FOR  THE  OPACITY  COEFFICIENT  (C  AND  THT 
ATMOSPHERIC  CONTRIBUTION  (T»,)  TO  THE  OBSERVED  BRIGHTNtSS 

TEMPERATURE 


location 

Typical  Values  at  19  GHz 

Typical  values  at  37  GHz  [ 

c 

MWSBWl 

c 

TbjCTji 

Polar  Regions 

0.025 

6.7 

0.049 

13.0 

Midlatitudes 

0.050 

12.5 

0.100 

25.0 

The  emissivity  of  diffen^t  targets  is  a  consequence  of  their  dielectric  properties.  As 
water  is  a  polar  molecule,  it  has  a  very  large  didectric  constant  at  microwave  frequencies  whtdi 
results  in  a  large  reflectivity  (low  emissivity)  for  a  liquid  water  surface  such  as  the  ocean.  Most 
«)Ud  surfaces  have  emissivities  in  the  range  0.80  to  0.9S,  so  there  is  a  significant  contrast 

he™  *en  iiniiid  water  surfaces  such  as  la  ires  rivers  anti  tKe  ncean^  nnH  srtiiH  «nr*aces  si5C^ 

land  and  sea-ice.  The  low  emissivity  of  the  open  ocean  makes  it  a  ood  background  for  viewing 
the  intervening  atmosphere. 

The  higher  salinity  of  first-year  ice  causes  it  to  be  optically  opaque  and,  therefore,  its 
microwave  signature  is  almost  frequency  indq>end«tt.  The  virtually  de-salinated  near  surface 
portion  of  old  ice  makes  it  optically  thin,  i.e.,  radiation  emanates  from  a  thicker  layer  of  old  ice. 
A  significant  part  of  the  radiation  from  old  ice  is  suppressed  by  volume  scattering  within  the  ice 
because  of  air  pockets  formed  during  summer  melt  and  brine  drainage.  The  brightness 
temperature  signature  of  old  ice  is,  therefore,  generally  lower  than  that  of  first-year  ice.  As  the 
sensitivity  to  volume  scattering  is  inversdy  related  to  the  wavelength  of  the  radiaHon,  at  higher 
frequencies  one  would  observe  larger  variability  in  the  brightness  temperature  c  old  icc. 


The  upwelling  brightness  temperature  of  a  scene  containing  (pen  ocean  and  various 
amounts  of  sea  ice  is  a  function  of  the  ice  concentration,  ice  emissivity*  (i.e.,  icc  type),  the 
physical  temperature  of  the  components,  and  the  amount  of  water  vapor  and  liquid  water  in  the 
intervening  atmosphere.  Assuming  that  the  icc  cover  within  the  field  of  view  is  a  mixture  of  old 
ice  and  first-year  ice,  the  brightness  temperature  sensed  on  the  i-th  channel  of  the  radiometer 
can  be  expressed  as; 
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ice 


(4) 


where 


ci  ~  total  atmoi^enc  <qndty, 

IC  =  total  ice  cover  hac^^'on, 

F  =  fraction  of  first-y»  ice, 

M  =  fraction  of  dd  ice, 

cpii  surface  emissivities  of  lii^t-year  ice,  old  ke,  and  sea  water, 

Tp,  Tt(,  Tw  ==  suilace  temperatures  of  first-year  ice,  old  ice,  and  open  ocean, 

Tk  =  incident  s)^  temperature  at  the  surface  caused  by  atroo^heiic  downward 
emission, 

Tb,  =  contribution  from  atmospheric  upward  emission. 


From  -‘equation  4  it  follows  that  by  considering  the  difference  of  Tgv  (from  vertical 
channel)  and  (from  horizontal  c^imel)  for  37  GHz,  one  minimizes  die  contribution  from 
the  atmosphere: 


Tjiv^Tgn — e"®(Fdc)(i(T|rTB2)"l'h4d£j4CfM“*f”B2)  "h  (l”fC)d^»XT•^^f-^J))  (5) 


where  dep  ”  ^fv^fh* 
d€;  =  €mV~6||h, 
d€w  ~  fwV“®WH* 


This  equation  was  used  in  developing  the  HAC  algorithm. 

An  algoridim  that  calculates  ice  cxmcentrations  by  solving  equation  5  for  IC,  i  .e., 
assuming  that  a  possible  solution  can  be  of  the  form: 


IC=A’*DTa+B  (6) 

where  coefficients  A  and  B  are  calculated  &om  equatir>n  5,  after  making  reasonable  assumptirms 
about  the  physical  temi^ratures  of  the  various  components  and  selecting  appropriate  a  nospheric 
parameters.  It  can  be  demonstrated  that  DTb=Tbv-Tbh  decreases  with  the  increase  in  optical 
edacity  (!  ecause  of  larger-  amounts  of  water  vapor  and  cloud  cover)  ai'»d  the  inercase  in 
emissivities  of  open  ocean  (because  of  surface  roughn^),  which  implies  that  an  algorithm  of 
the  type  described  above  will  yield  erroneous  ice  concentration  Aietrievals,  particularly  in  weather 
where  high  levels  of  water  vapor  in  the  atmosphere,  cloud  cover,  and  wind  -roug?  esied  seas  arc 
experienced.  To  improve  on  the  ic  information  retrieval  reliability  for  all  weather  conditions, 
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a  dual  frequency,  dual  polarization  (19,  37  GHz)  algorithm  was  developed  and  is  descnbed  in 
Section  10A.3. 


10A.3  HAC  ALGORTTHf^ 

The  HAC  algorithm  was  derived  by  using  equation  5.  Th  ^  iollowing  assumptions  were 
used  to  be  able  to  evaluate  IC  from  equation  6:  the  surface  temperatures  TF=T„=T^=T5, 
dep— Using  simple  algdira,  the  coefficients  A  and  1  can  be  calculated  from  the 
following; 


A  “C^/[Cr,-TB2)(der<iew)] 

C7) 

(8) 

Climatological  mean  values  of  atnosphmc  water  vapor,  liquid  water,  ice  surface  temperature, 
and  emissivities  were  used  as  inputs  to  evaluate  parameters  A  and  B  for  diffeient  climatic  zones 
[5]. 


Determination  of  ice  type  is  achieved  fay  computing  the  effective  average  ice  brightness 
temperature  within  the  footprint  and  comparing  it  with  a  preselected  value,  Tq  (e.g.,  brightness 
tempaature  of  a  sample  of  35%  old  ice  ai.i  65%  first-year  ice  cover).  TTie  equation  for  the 
calculation  of  effective  brightness  feniperature,  T^,  using  the  component  from  the  37  GHz 
/ertical  channel  (TB(m})<  is  as  follows: 

Tx  “(Co  +  C,*Tb^*IC  +C,  (9) 

The  coefficients  Co,  Cj,  and  Q  arc  calculated  using  climatology.  If  Tx>Tt;,  the  sea-ice  fraction 
within  the  observed  area  is  flagged  as  first-year  ice.  For  Tx<Tc  the  ice  covct  fraction  is 
identified  as  old  ice. 

Weather  correction  criteria  were  imposed  on  sea-ice  concentration  retrieval  after  it  was 
observed  that  false  ice  information  was  obtained  because  of  the  influence  of  wind  and 
atmosphere.  The  coiTCcticn  procedure  uses  cut-off  values  for  the  19  GHz  horizontal  component, 
7'b(19h)>>  Tafyno  "TBcJUfl-  Th**'  ice  concentrations  are  calculated  only  if  the  foUowing  conditions 
are  met’ 

IC  >  10% 

TBa9H)  ^  14(rK 
Tbotyi'Tboth)  >5"K 

If  these  conditions  are  not  met,  the  footprint  is  declared  to  be  ice  free.  Figuies  lOA.  1  to  10A.4 
illustrate  the  results  of  such  weather  corrections  (!  .o,  personal  communication,  1987). 
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Figure  lOA.l  -  The  effect  of  weather 
flitting  on  the  HAC  algorithm  retrieval  of 
total  )  e  concentrations,  orbit  3967, 
Labrador  region. 


Figure  iOA.2  -  Compariscm  between  total 
ice  concentrations  retrieved  with 
AES/YORK  and  HAC  algorithms,  orbit 
3967,  Labrador  r^on. 


Figure  10A.3  ■  The  effect  of  weather 
filtering  on  the  HAC  algorithm  retrieval  of 
total  ice  ooncentratioRS,  Gulf  of  St. 
Lawrence,  27  January  1988. 


Figure  10A.4  -  Comparison  between  total 
ice  concentration  retrieved  with  AES/YORK 
and  HAC  algorithms,  orbit  3379,  NE 
Newfoundland  waters,  14  February  1988. 


The  HAC  algorithm  was  first  tested  on  SMMR  data.  During  the  evaluation  it  became 
obvious  that  although  the  retrieval  of  total  ice  OGncentration  was  within  the  specifications  for 
ideal  weather  conditions,  areas  of  rough  seas  and  overcast  sky  were  identified  incorrectly  as  ice- 
covered  ocean. 

Prior  to  launch,  a  simple  procedure  for  removing  some  of  the  weather  effects  on  the  ice 
retrieval  was  added  to  the  algorithm,  but  as  shown  in  Figures  lOA.  1  and  10A.2,  the  problem 
was  not  solved  for  severe  w'eather  conditions.  In  addition,  the  accuracy  of  the  ice  edge  location 
was  degraded  by  introducing  a  lower  limit  (10%)  on  the  calculated  ice  concentrations.  Using 
only  toe  37  Glic  channel  provides  the  highest  available  resolution,  however,  ii  could  lead  to 
errors  in  total  ice  concentration  estimate  and  ice  type  flagging  when  the  ia  surface  is  wet  or 
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under  a  heavy  snow  cover.  At  the  onset  of  snow  melt  one  would  also  observe  large  differences 
in  retrieved  ice  concentrations,  depending  on  the  time  of  the  observation. 

10A.4  AES/VORK  ALGORITHM 

Equation  4  written  for  the  19  and  37  GHz  channels  can  be  solved  for  F  and  M,  with 
seasonai/regional  values  for  c  (optical  opacity;  and  (atmospheric  component).  Sample  areas 
in  the  Arctic  and  the  east  coast  of  Canada  woe  sdected  for  establishing  passive  microwave 
signatures  of  first-year  ice,  old  ice,  and  calm  open  ocean. 

Equation  4  can  be  rewritten  for  each  channel  (1-4)  in  the  following  manner. 


Tb,  =  A,(B,*F  +C,  •M-t-  Di  *  W)4  T01  (10) 

Tb2  =  Aj(B,*F  +C2  *M+  D2  »  W)-l-T02  (11) 

Tjo  =  Aj(B3*F  +C3  *M+  D,  »  W)-l-T03  (12) 

Tb4  =  A,(B4*'F  +C4  *M+  D4  *  W)+T04  (13) 


where  F,  M,  and  W  are  fractions  of  first-year  icc,  old  ice,  and  open  ocean,  respectively.  Aj, 
Aj,  A3,  A4,  and  TOl  to  T04  are  atmospheric  correctim  param^os  for  each  channel.  Aj,  A3, 
and  A4  can  be  expressed  in  terms  of  At  using  frequency  dqxmdence  of  atmo^heric  ab«^  ption 
cocmclciiiii  [31.  C.,  and  D:  renresQit  sensitivity  ooefficicjnts  to  the  presence  of  vari  -j  icc 

types  and  open  ocean  All  these  parameters  were  described  in  detail  in  Associates  Ltd., 
[Q.  The  set  of  equations  10  to  13  can  be  solved  for  A,,  F,  M,  and  W.  Prior  to  the  calculations 
of  ice  concentration  and  ice  type  identification,  the  input  brightness  temperatures  (at  37  GHz 
and  19  GHz  for  both  polarizations)  are  subjected  to  a  multi-5tq>  testing  procedure.  The  results 
of  this  testing  determine  whether  the  sensed  radiation  was  emitted  from  an  ice-covered  area  or 
from  open  ocean,  as  shown  in  the  flow  chart  given  in  Figure  10A.5. 

The  first  test  decision  was  made  using  the  contrast  between  the  brightness  temperatures 
of  open  ocean  under  heavy  cloud  cover  and  ice  cover  r?  Uance.  A  discriminating  function  (D) 
of  19  and  37  GHz  vertical  comjwnents  was  generated.  Critical  values  for  D  were  derived  by 
simulating  brightness  temperatures  for  open  ocean  with  heavy  cloud  cover  and  ice  cover  near 
the  ice  edge.  Four  ranges  of  critical  values  were  selected  to  n  present  a  cross  section  cf 
atmospheric  conditions.  Dmini  represents  a  critical  value  for  discriminating  the  ice  edge  area 
from  the  open  ocean  with  a  surface  roughness  caused  by  wind  speeds  greater  than  10  m/s.  D^dq 
is  used  for  differentiating  the  icc  edge  from  partially  overcast  sky  and  wind-roughened  open 
ocean  surfiue.  *  criteria  for  distinguishing  ict  cover  greater  than  3596  concentration. 

The  open  ocean,  with  fully  overcast  sky,  will  always  result  in  L  <  D^ax-  When  D  >  1,  the 
ice  concentration  will  be  more  than  90%  and  old  ice  is  iiresent  in  the  field  of  view. 
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The  data  points  for  which  D  <  and  D  >  Omni  are  given  a  second  test.  This  test 
was  designed  to  distinguish  low  ice  concentration  areas  from  open  ocean  with  low  winds  and  low 
to  moderate  cloud  cover.  This  filter  component  (labelled  R)  relies  on  the  contrast  in  sensitivities 
of  the  vertical  and  liorizontal  components  of  the  37  GHz  channel  to  the  presence  of  sea-ice. 

irhe  third  step  in  the  filtering  algorithm  was  set  up  for  the  analysis  of  data  points  with 
a  Ta(37v)  greater  than  that  for  open  ocean,  but  less  than  that  for  a  50%  ice-covered  value. 

'rhe  measured  brightness  temperatures  at  19  and  37  GHz  are  assumed  to  originate  from 
a  partially  ice-covered  arrae  and  parti^y  from  open  ocean  roughened  by  wind.  The  possible  ice 
concentrations  and  wind  speed  in  the  ice-free  s^ment  within  the  field  of  view  are  calculated 
using  37  GHz  (vertical  and  horizontal  components)  and  19  GHz  brightness  temperatures.  Only 
data  points  for  which  calculated  ice  concentrations  are  greater  than  5  %  arc  sent  to  the  data  pool 
for  ice  chart  plotting. 


Tne  fourth  step  is  used  on  data  points  with  D, 


MAX 


>  D  >  D 


MINI* 


but  with  R  values  the 

same  as  for  a  rough  ocean  surface.  Assuming  that  the  field  of  view  is  an  ice-free  area,  possible 
surface  wind  speed  and  atmospheric  contribution  to  the  observed  19  and  37  GHz  are  calculated. 
ComparisOii  is  then  made  between  the  atmospheric  information  from  37  GHz  with  the  amount 
estimated  for  19  GHz.  If  the  ratio  Is  outside  the  range  (detennined  from  theoretical  simulations), 
the  data  points  are  assigned  to  be  from  die  ice-covered  areas. 

To  implcnieiit  the  algoriihm  correedy,  the  filtering  components  of  the.  algofiuHTi  had  to 
be  tested.  Figures  10A.6  to  10A.8  illustrate  Ae  testing  of  the  various  components  of  the  iiltering 
procedure  in  comparison  with  the  HAC  algorithm. 
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Figure  10A.7  -  The  effect  of  weather 
filtering  on  the  HAC  algorithm  retrieval  of 
total  ice  crmcentrations,  Beaufort  Sea,  26 
October  1987. 


Figure  10A.8  -  Comparison  between  total  ice  concentrations  retrieved  with  A.1S/YORK  and 
HAC  algorithms,  Beaufort  Sea,  26  October  1987. 


After  the  filtering  procedure  is  completed,  ice  concentration  and  ice  fractions  are 
calculated  using  equations  10  to  13,  for  data  points  with  D  >  Dm^.  For  data  points  with  D  < 
37  GHz  ch^els  are  used  for  die  cal<^ations  of  the  icc  co?icentiations,  therefore  using 
the  best  resolution  in  the  proximity  of  an  ice  edge.  The  ice  type  fractions  are  checked  for 
consistency  with  the  brightness  temperatures  observed  on  all  four  channels  used  in  the  algorithm. 
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PRECIPITA'nON  VALIDATION 


1 1 . 1  INTRODUCTION 

This  section  summarizes  Uie  results  of  the  SSM/I  rainfall  rate  retrieval  algorithm 
validation  effort,  which  has  been  completed  for  the  midlatitude  and  tropical  climate  zones.  The 
validation  is  presented,  followed  by  an  evaluation  of  the  operational  D-Malrix  rainfall  rate 
retrieval  algorithm  based  upon  available  ground  truth.  This  section  concludes  with  recommenda¬ 
tions  for  the  improvement  of  the  existing  retricrail  algorithm,  and  an  example  application  of  an 
alternate  algorithm  to  tropical  cyclone  data. 

11.2  V ALIDATION  PLAN 

11.2.1  f^a,vy  Specifications 

The  validation  plan  was  specifically  designed  to  evaluate  the  performance  of  the  Hughes 
"D-Matrix"  algorithm  for  obtaining  rainfall  rates  from  SSM/I  brightness  temperature  data.  The 
SSM/I  specifications  called  for  an  algorithm  which  would  enable  the  retrieval  of  lainfall  rates 
from  the  observations  of  the  DMSP-F8  with  5  mm/hr  accuracy  over  the  range  0-25  mm/hr  at 
25  km  spatial  resolution. 

11.2.2  Method 

Kaingages  provide  the  most  accurate  standard  for  point  estimates  of  surface  rainfall. 
However,  because  of  the  high  spatial  variability  of  precipitation  intensity  and  the  requirement 
to  validate  25  km  space  scale  estimates  over  ocean  as  well  as  land  areas,  area-averaged  radar 
rain  estimates  were  Utilized  as  the  primary  source  of  validation  data  in  this  study. 

In  order  to  maximize  the  correlation  between  the  radar  rain  rate  estimates  and  surface 
rainfall  amour>ts,  mily  low  antenna  elevation  angle  (a  <  1 ")  plan-position  indicator  (PPI)  scans 
were  used.  Also  since  the  radar  beam  height  increases  with  range,  no  radar  measurements 
beyond  a  range  of  220  km  were  considered.  Ground  clutter  and  obvious  radar  artifacts  were 
also  screened.  The  remaining  bin  reflectivities  w'cre  converted  to  rainfall  rate  using  a  standard 
relationship  between  the  reflectivity  factor  Z  and  the  rainfall  rate  R  (Z  =  200  R* '‘)  and  then 
interpolated  to  a  5  km  cartesian  grid.  In  this  report  R  is  in  units  of  mm/hr. 

Typically  three  radar  PPI  sweeps  bracketing  tire  DMSP-F8  overpass  time  were  processed. 
Ail  gridded  rainfall  rates  falling  within  a  625  km*  circular  area  of  a  given  SSM/I  all-channel 
brightness  tempcratuie  scene  were  time-interpolated  to  the  SSM/I  measurement  time.  The  tinne- 
interpolated,  gridded  rain  rates  were  subsequently  aiea-averaged  and  then  stored  along  with  the 
corresponding  seven  sensor  data  record  (SDR)  brighmess  temperatures.  In  addition,  the  time- 
intcrpolaled  rainfall  rates  at  5  krn  resolution  were  recorded  io  allow  for  improved  calibration. 
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Since  individual  radar-derived  rainlf^l  rate  estimates  can  have  a  high  uncertainly, 
simultaneous  laingage  measurements  were  also  recorded  for  the  purpose  of  calibration.  Wilson 
and  Brandes  [1]  demonstrated  that  errors  in  radar  stonn-total  estimates  of  rainfall  rate  could  be 
reduced  from  63%  to  24%  using  calibrating  raingages. 

11.2.3  pata  Sources 

SSM/I  sensor  data  records  (SDR)  and  environmental  data  records  (EDR)  coinciding  with 
radar  measurements  of  precipitation  were  retained  from  the  Naval  Research  Laboratory  (NRL) 
archive. 

Surface  truth  for  niidlatitude  validations  was  obtained  from  sev'cn  radar  sites  in  the  United 
Kingdom  operational  network  and  the  Patrick  Air  Force  Base  (PAFB)  rrdar  at  Cape  Canaveral, 
Florida  (see  Table  11.1  for  specirications).  Each  of  these  radars  provided  significant  coveiage 
of  both  land  and  ocean  areas,  and  were  (q>eiating  almost  continuously  since  the  launch  of  the 
DMSP-F8. 

The  United  Kingdom  data  were  obtained  from  archives  maintained  by  the  British 
Meteorological  Office  (BMO),  and  the  PAFB  data  were  retrieved  from  laser  disk  recordings 
compiled  by  personnel  at  the  Severe  Storms  Laboratory  at  NASA/Goddard  Space  Flight  Center. 

Raingagc  observations  tmec  to  five  teleuieieiiiig  laingagf^  arp  recorded  operadongHy 
for  five  of  the  seven  United  Kingdom  .rites.  If  sufficient  raingage  hourly  totals  are  recorded  in 
the  same  time  frame  as  a  given  radar  sweq),  then  a  real-time  correction  is  s^lied  to  the  radar 
data  using  the  scheme  described  by  Collier,  et  al.  [2],  Hourly  raingage  totals  and  cemesponding 
hourly-integrated  radar  totals  were  provided  along  with  the  radar  data  on  BMO  archive  t^)es. 

Hourly  raingage  data  from  National  Weather  Service  (NWS)  gages  in  the  vicinity  of  the 
PAFB  radar  site  were  obtainc<^  from  National  Climatic  Data  Center  archives  at  Asheville,  North 
Carolina.  Twenty-one  raingages  in  the  NWS  network  provided  hourly  rainfall  rate  totals  within 
a  200  km  radius  of  the  PAFB  site. 

Radars  operating  continuously  at  Darwin,  Australia  and  Kwajalein,  Marshall  Islands  were 
utilized  to  validate  rain  rate  retrieval  algoridims  at  tropical  latitudes.  Located  on  the  northwest 
coast  of  Australia,  the  Darwin  radar  provides  reflectivity  data  both  over  the  continent  and  over 
the  Indian  Ocean.  The  Kwajalein  radar  yidds  rain  rate  data  exclusively  over  tlie  Pacific  Ocean. 
Networks  of  raingages  were  maintained  in  the  vicinity  of  bodi  radars  to  check  the  calibration  of 
the  rainrate  estimates;  however,  no  real-time  correction  was  applied  to  the  data  from  either  site. 

11.2.4  SatellitdRadar  Data  Gcolocation 

Since  rainfall  is  highly  variable  in  both  space  and  time,  accurate  geolocation  of  both  the 
satellite  and  radar  data  was  essential  to  the  validation  effort. 


TABLE  11.1 


VAUDA'nON  RADAR  SITES  AND  NUMBER  OF  CALIBRATING  RAINGAGES 


Radar  Site 

Specifications 

Latitude 

Longitude 

Number 
of  gages 

(Midlatitudes) 

1  I*atrick  Air  Force  Base 

1  Cape  Canaveral,  Florida 

5  cm,  C-band, 

1.1°  beamwidth 

28.255N 

80.606W 

21 

Camborne,  England, 

United  Kingdom 

10  cm,  S-band, 

2°  beamwidth 

50.2 18N 

5.327W 

3 

Upavon,  England, 

United  Kingdom 

10  cm,  S-band, 

2°  beamwidth 

51.299N 

1.781W 

3 

Clee  Hill,  England, 

United  Kingdom 

5.6  cr  ,  C-band, 

1“  beamwidth 

52.297N 

2.597W 

3 

Hameldon,  England 

5.6  cm,  C-band, 

\  ^  ««  «• 

53.756N 

2.281W 

5 

! 

Chenics,  EngLind 

United  Kingdom 

5.6  cm,  C-band 

1°  beamwidth 

5L688N 

0.053W 

5 

Shannon,  Ireland, 

United  Kingdom 

10  cm,  S-band 

2°  beamwidth 

52.791N 

6.936W 

0 

Castor  Bay, 

North  Ireland, 

United  Kingdom 

5.6  cm,  C-band 

1°  beamwidth 

54.503N 

6.341W 

0 

(Tropics) 

Darwin,  Northern 

Territory  Australia 

5.3  cm,  C-band, 

1.7°  beamwidth 

12.457S 

130.925E 

26 

KwajaleiL 

Marshall  Islands 

'  .7  cm,  S-band 

2°  beamwidth 

8.72N 

167.73E 

9 

Errors  as  great  as  30  km  were  observed  in  the  position  of  land-ocean  boundaries  in  the 
DMSP-F8  SSM/I  imagery.  Since  precipitation  fields  can  vary  greatly  on  a  spatial  scale  of  10 
km  or  less,  correlations  bkween  brightness  temperature  features  in  the  SSM/I  imageiy  and  radar 
echoes  were  degraded  in  many  situations.  Through  a  coopoative  effort  between  scientists  at 
University  of  Wisconsin,  University  of  Massachusetts  (UMASS),  and  the  Naval  Research 
Laboratory  (NRL),  a  method  was  developed  to  automatically  relocate  the  SSM/I  data. 

The  method  consisted  of  an  optimization  routine  which  searched  for  corrections  in  the 
spacecraft  pitch  and  yaw  angles  that  maximized  the  correlation  between  discontinuities  in  the  85.5 
GHz  horizontally-polarized  SSM/I  brightness  temperature  imagery  and  the  known  location  of 
coastal  boundaries  as  specified  in  the  World  Data  Base  II  (WDB  11)  coastline  m^.  The 
transformation  between  pitch  and  yaw  perturbaticms  and  poturbadons  in  the  earth  coordinates 
of  SSM/I  measurements  was  provided  by  Mark  Goodberlet  of  UMASS.  The  World  Data  Base 
n  coastline  map  was  provided  by  Gene  Poe  and  Pete  Conway  of  NRL. 

A  digital  edge  detector  was  applied  to  the  85.5  GHz  horizontally-polarized  brightness 
temperature  data  in  original  scan  format  to  locate  coastal  discontinuities  in  the  imagery.  If  the 
edge  detector  identified  a  brightness  temperature  discontinuity  bet  veen  adjacent  footprints  of  at 
least  30  K  in  the  United  Kingdom  or  Kwajalein  imagery,  or  a  discontinuity  of  15  K  in  the  Florida 
or  Darwin  imagery,  then  the  location  of  the  discontinuity  was  recorded  on  a  4  km  resolution  grid 
using  a  standard  map  projection.  Tlie  World  Data  Base  n  coastlines  were  referred  to  the  sai  e 
grid.  A  s.tiallcr  edge  detector  threshold  was  utilized  at  tropical  and  subtropical  latitudes  o 
account  for  the  smaller  land/ccean  contrast  at  those  latitudes.  Swath  data  from  Alaska  or  th ; 
U.S.S-R.  was  used  to  geolocatc  Kwajaleiu  uaui  from  the  same  orbit,  due  to  the  paucity  of  ian^e 
land  masses  in  the  vicinity  of  Kwajaldn  Island. 

A  simplex  algorithm  was  invoked  to  iteratively  search  for  the  spacecraft  pitch  and  yaw 
perturbations  which  maximized  the  number  of  grid-point  "matches"  between  the  edge-detected 
coastline  and  the  World  Data  Base  n  coastline  over  a  2000  km  section  of  the  SSM/I  swath 
centered  on  the  region  of  in'  rest.  The  effect  of  adding  a  roll  perturbation  to  the  optimization 
scheme  did  not  significantly  improve  image  registration. 

Upon  review  of  10  to  20  relocated  SSM/1  images,  the  automated  procedure  appeared  to 
locate  the  satellite  data  to  within  about  6  km  of  the  World  Data  Base  n  coastline.  The  WDB  11 
coastline  is  reported  to  be  accurate  to  within  3  km. 

The  validation  radar  data  were  earth-located  using  the  recorded  langc  of  the  radar  bin  and 
the.  elevation  and  azimuth  angle  of  the  radar  ant»ina.  The  range  of  the  radar  bin  along  the 
earth’s  surface  and  the  bin  altitude  were  computed  using  the  standard  formulae  presented  in 
Batlin  [3],  Given  the  earth  range  of  tite  bin,  the  azimuth  of  tiie  radar  antenna,  and  the  known 
latitude  and  longitude  of  the  radar  site,  the  earth  location  of  ^he  radar  bin  was  determiaed  using 
the  geodetic  formulae  of  Sodano  [4].  'Ihe  ui  ceixainty  in  th^  earth  location  of  any  radar  bin  is 
estimated  to  be  on  the  order  of  1-2  km. 


11.2.5  Radar  Calibration 


With  the  exception  of  the  Shannon  and  Castor  Bay  radars,  foi  which  no  raingage  data 
were  available,  an  attempt  was  made  to  calibrate  the  midlatitude  radar  derived  precipitation 
intensities  using  coincident  houriy  raingage  recordings.  Approximately  50%  of  all  the  United 
Kingdom  radar  data  corresponding  to  DMSP-F8  overpasses  had  been  pre-calibrated  using  the 
scheme  described  in  Collier,  et  al.  [2].  Their  scheme  relies  upon  a  time-series  analysis  of  radar- 
to-gage  ratios,  determination  of  radar  “bright-bands",  and  adjustments  for  orogr^hically-forced 
precipitation.  Rainfall  rate  :  obtained  from  the  uncalibrated  United  Kingdom  radars,  which  had 
been  assessed  using  Z  =  200  R'  (Marshall  and  Palmer  [5]),  were  left  unaltered. 


For  the  remaining  DMSP-FS  overpas?  times,  there  were  generally  insufficieiit  raingage 
data  to  perform  a  radar  calibration,  unless  gage  data  covering  a  period  of  one  day  or  more  were 
incorporated  into  the  analysis.  Despite  the  rdatively  large  number  of  raingages  recording  in  the 
vicinity  of  the  PAFB  radar  site,  there  were  again  insufficient  data  to  perform  instantaneous  radar 
calibrations  for  most  DMSP-FS  overpass  times.  The  inadequacy  of  the  gage  networks  for 
instantaneous  calibrations  is  due  to  the  high  space-  and  time-v'aiiability  of  precipitation. 

The  radar  data  available  from  Darwin  and  Kwajalein  were  insufficient  for  performing 
raiiigage  calibrations.  The  Marshall  and  Palmer  [5]  relationship  was  utilized  to  interpret  the 
reflectivity  data  from  these  radars. 
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all-channel  scene  were  time-interpolated  to  the  SSM/I  measurement  time  and  subsequently  area- 
averaged  to  yield  a  ground  truth  rainfall  rate  product. 


11.3  V  <\LID ATION  ERROR 

The  total  validation  error  can  be  divided  into  two  general  categories:  (1)  errors  in  the 
gridded  radar  estimates  of  rainfall  rate  (at  5  km  resolutirin),  and  (2)  errors  arising  from 
atmospheric  variability  linked  to  discrqrancies  in  the  space  and  time  collocation  of  the  625  knf 
area-average  rainfall  rates  and  the  SSM/I  all-channel  measurements. 

These  error  categories  can  be  further  subdivided  into  contributing  error  sources.  It  will 
be  assumed  in  this  analysis  that  raingages  provide  ar.  accurate  standard  for  surface  rain  totals  over 
a  period  of  one  hour.  If  it  is  also  assumed  that  the  errors  from  contributing  sources  are 
uncorrelated,  then  the  error  vaiiance  of  a  gridded  and  time-interpolated  radar  rainfall  rate  with 
respect  to  a  gage  estimate  can  be  expressed  as 

(1) 

wlicre  is  the  error  of  an  instantanoou.s  gridded  ladar  rain  rate,  and  ujo,  is  the  error  arising  from 
time-interpolation  of  the  gridded  radar  measurement  to  the  SSM/l  measurement  time 


Jir  /tu 


In  practice  it  is  only  feasible  to  estimate  the  error  of  hourly-integrated  radar  rain  rates 
with  respect  to  gage  totals  over  the  same  period.  In  the  British  Meteorological  Office  radar 
calibration  scheme,  rain  rates  from  approximately  12  radar  sweeps  are  averaged  to  obtain  an 
hourly  total.  The  error  variance  of  hourly-int^rated  radar  rain  rates  may  be  approximated  by 

+  e/.  a) 

Here,  ii  is  the  number  of  radar  sweeps  utilized  in  the  hourly  integration  and  a,  is  tfie  error 
introduced  by  integrating  a  finite  number  of  sweq>s  to  form  an  hourly  total.  Combining  Eqs. 
(1)  and  (2): 

On^  =  -  at)  +  0) 

A  value  for  a^  of  six  tenths  of  the  racur-deiived  rainf^  rate  (i.e.  0.6  R,  where  the  rain 
rate)  was  taken  from  a  study  by  Wilson  and  Brandes  [1].  Harrold,  et  al.  [6]  showea  uiat  Of  was 
on  the  order  of  0. 1  R.  It  is  assumed  that  R,  which  is  based  on  hourly  averages  in  the  preceding 
estimates,  can  be  approximated  by  the  instantaneous  rain  rate  for  the  purpose  of  making  an  eror 
estimate.  This  assumption  may  lead  to  an  overestimate  of  toe  error  for  high  instantaneous  rain 
rates,  since  the  average  rain  rate  over  an  hour  period  which  includes  a  high  rain  rate  event  is 
likely  to  be  lower  than  the  instantaneous  rair  rate. 

The  radar  rain  rate  time  interpolation  error  i?  almost  negligible,  since  toe  data  are 
interpolated  from  radar  measurements  separated  by  15  minutes  at  most.  A  value  of  0.05  R  is 
estimated  for  a^^. 

The  errors  due  to  area-averaging  of  gridded  radar  data  and  co-registration  with  the  D- 
Matrix  estimates  can  be  expressed  as 

-r  +  <r/.  (4) 

where  m  is  the  number  of  time-interpolated,  radar  grid  boxes  averaged  over  a  625  km*  area,  o\^ 
is  the  error  due  to  misr^stration  of  SSM/I  and  radar  measurements,  and  is  the  error 
introduced  by  the  discretization  of  the  D-Matiix  rain  rate  estimates. 

Typically  25  radar  grid  boxes  are  averaged  per  625  km*  area.  After  relocation  of  the 
SSM/I  measurements  according  to  the  method  described  in  Section  11.2.4,  the  total 
misregistration  between  SSM/I  and  i  tdar  measurements  is  approximtely  7  km,  based  upon 
comparisons  to  the  World  Data  Base  II  coastlines  and  an  estimated  1  -  2  km  error  in  toe  radar 
measurements.  ITie  validation  error  due  to  misregistration  is  estimated  by  considering  the  error 
incurred  by  estimating  a  "reference"  area-averaging  rain  rate  using  arra-averaged  rain  rates  al 
different  di.splacemenrs  from  the  reference  location.  Based  upon  this  approach,  a,,,  for  a 
displacement  of  7  km  is  >und  to  vary  as  a  logarithmic  function  of  the  rainfall  rate. 
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The  rounding  of  D-Matiix  rain  rate  estimates  to  integral  values  leads  to  a  constant  <7^  = 
.29  mm/hr. 

Utilizing  the  individual  errors  estimated  above,  the  total  vaLJation  esror  is  evaluated  and 
plotted  in  Figure  il.  1.  Also  plotted  is  the  validation  error  that  would  result  if  the  geolocation 
of  the  SSM/1  data  was  not  corrected,  assuming  an  average  2S  km  misr^istration  oror  for 
uncorrected  data.  It  may  be  noted  that  from  the  figure  that  a  35%  to  60%  reduction  in  the 
validation  error  is  achieved  by  relocating  the  SSM/I  data  using  the  automated  procedure.  The 
validation  error  of  the  relocate  data  varies  almost  linearly  with  rainfall  rate,  with  about  a  45% 
error  at  24  mm/hr  rain  rate. 


11.4  D-MATRDC  AI-GORTTHM  EVALL  \TION 
11.4.1  Data  Samples 

DMSP'FS  overpasses  of  the  United  Kingdom  and  PAFB  validation  sites  were  separated 
by  season  into  summer,  spring-fall,  and  winter  overpasses.  Collocated  SSM/I  and  radar 
measurements  from  nine  overpasses  of  the  United  Kingdom  sites  and  three  overpasses  of  the 
PAFB  site  during  August  of  1987  composed  the  summer  validation  data  set.  Seven  United 
Kingdom  overpasses  during  September  of  1987  and  six  overpasses  of  PAFB  during  Sqrtembcr 
and  November  of  1987  and  March  of  1988  contributed  to  the  spring-fall  validation  data  set  The 
winter  validation  data  set  was  derived  from  twenty-five  overpasses  of  United  Kingdom  sites 
during  January  and  February  of  1988. 

Only  radar  data  from  the  tropical  warm  season  were  available  from  the  Darwin  and 
Kwajalein  si  Data  from  eleven  SSM/I  overpa*  es  of  Darwin  and  nine  oveipas5;es  of  Kwajalein 
were  collocated  with  the  averaged  radar  rain  data  (o  produce  the  tropical  validation  data  set.  The 
Darwin  overpasses  occurred  during  Fd)niary  and  M^h  of  1988,  while  the  Kwajalein  ovrapasses 
spanned  the  months  of  August  -  November  of  1988. 

The  total  number  of  collocated  area-aveiaged  radar  rain  rate  estimates  and  SSM/I  all- 
chaiinel  .scenes  are  listed  by  season  in  Table  11.2.  Listed  separately  are  tire  number  of  collocated 
measurements  over  land  and  ocean  backgrounds.  Also  included  are  the  number  of  collocated 
measurements  for  which  the  area-average  radar  rain  rate  was  at  least  1  mm/hr. 

Despite  prescreening  of  overpasses  to  identify  those  in  which  significant  rain  events  were 
observed  by  both  the  SSM/I  and  radar,  only  a  small  fraction  of  the  total  number  of  collocated 
data  exceeded  the  1  mm/hr  threshold.  The  skewed  distribution  of  rain  data  is  further  illustrated 
by  the  seasonal  histograms  in  Figure  11.2.  The  histograms  indicate  that  a  large  percentage  of 
rain  events  at  25  km  resolution  have  intensities  less  than  1  nim/hr.  At  midlati.udes,  the  winter 
data  are  more  highly  skewed  towards  light  precipitation  than  the  summer  and  spring-fall  data. 
The  highly  skewed  winter  distribution  results  in  a  relatively  small  number  of  collocated  winter 
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Figure  11.1-  Validation  error  as  a  function  of  rainfall  rate.  Squares  indicafe  the  error  standard 
deviation  for  ati  average  SSM/I-radar  measurement  misregisirati  in  of  '  kr.,.  An  average 
misregistration  error  of  7  km  is  expected  after  geulocatior  ;jiethod  zle&  -ibed  in  Section 
1 1 .2.4-  is  applied  to  the  SSM/1  measurements.  If  the  gcolcx^ation  of  SSM/i  asui»-rr«enls  is  not 
corrected,  then  the  average  misregistration  o:  SSM/I  and  radar  raea  urenicnr  ■  iately 

25  km.  The  validatic  i  error  for  uncomecte*  data  is  indicated  b  the  solid  dots  in  the 


TABLE  11.2 


NUMBERS  OF  COLLOCATED  SSM/I  ALLCHANNEL  SCENES 
/1.ND  RADAR  DERIVED  RAINFALL  RATES 


LAND 

OCEAN 

TOTAL 

(Midlatitudes) 

Summer 

1155  (85) 

551  (28) 

1706  (113) 

Spring-Fall 

1794  (217) 

1045  (181) 

2839  (398) 

Winter 

4067  (205) 

fO\ 

6303  (214) 

All  Seasons 

7016  (507) 

3832  (218) 

10,848  (725) 

Cfropics) 

W:  rm  Seasons: 

342  (41) 

1365  (180) 

1707  (221) 

Numbers  of  collocated  SSM/I  all-channel  scenes  and  radar-derived  rainiaU  rates  for  both 
the  midlatitude  summer,  spring-fall,  and  winta*  s^tsons,  and  for  the  tropical  warm 
season.  The  numbers  of  collocated  data  over  land  and  ocean  regions  are  also  individually 
tabulated.  The  number  in  parentheses  is  the  subset  of  the  total  sample  for  which  the 
radar-derived  rainfa''  rate  was  at  least  1  nin/hr. 


Figure  11.2  -  Number  of  collocated  SSM/I  all-channel  scenes  and  area-average  radar 
measurements  versus  radar-derived  rainfall  rate  for  (a)  the  niidladtude  summer  climate  zone,  (b) 
the  midlatitude  spring-fail  climate  zone,  (c)  the  midlatitude  winter  climatic  zone,  and  (d)  the 
tropical  warm  climatic  zone.  Data  over  land  ano  ocean  are  included  in  the  histograms.  The 
number  of  data  in  the  first  rain  rate  interval  is  given  in  parentheses. 
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data  over  the  ocean  with  rainfall  rates  greater  than  or  equal  to  1  mm/hr  (Sec  Table  11.2).  In  the 
btjpics,  the  rain  rate  distribution  is  also  skewed  towards  light  rain  events  (see  Figure  11. 2d). 

The  skewed  rain  distributions  have  an  important  bisaring  on  the  statistical  analyses  to  be 
presented  in  tlie  following  sections. 


11.4.2  Midlatitude  P-Matm  Algorithm  Error  Statislia 


Error  statistics  of  the  D-Matrix  algorithm  rain  rate  retrievals  are  presented  for  the  six 
midlatitude  climatic  zones  in  Tables  1 1.3  through  11.8.  To  compensate  for  the  naturally  skewed 
distribution  of  rainfell  rates,  the  retrieval  error  statistics  are  stratified.  Statistics  are  computed 
for  different  subsamples  of  the  collocated  data,  such  that  only  D-Matrix  estimates  and  i^ar- 
derived  rainfall  rates  exceeding  specified  minimum  thresholds  are  included.  As  the  minimum 
rain  rate  threshold  defining  a  subsample  is  inGrs  wd  from  0.0  to  0.5,  1.0,  1.5,  and  2.0  mm/hr, 
more  emphasis  is  placed  upon  the  performance  of  the  D-Malrix  algorithm  at  higher  rainfall  rates. 
An  increase  in  the  minimum  rainfall  rate  threshold  is  reflected  in  an  increase  in  the  subsample 
mean  tainfail  rate  and  standard  deviation  (sec  Tables  11.3  -  11.8).  The  "error"  standard 
deviation  (oj 's  the  standard  deviation  of  the  difference  betwera  the  SSM/I  estimated  rainfall  rate 
and  the  rada.  "ground  truth”  estimate.  In  addition  to  the  traditional  statistical  quantities,  the 
success  ratio  S,  which  is  the  ratio  of  the  rain  rate  estimate  "error”  variance,  to  the  sum  of 
the  variances  of  the  validation  error  and  5  mtn/hr  retrieval  tolerance,  is  listed  for  each  subsample. 
An  S-ratio  greater  than  1  indicates  that  the  rain  rate  estimate  fells  outside  the  Navy  specifications. 

O  ACM.AW  wa  a  A*»  **  *.«AAA*«  - 

accuracy  permitted  by  the  data. 


Scatterplots  of  the  D-Matiix  rain  rate  estimates  versus  radar-derived  rainfall  rates  for  each 
of  the  six  midatitude  clinriatic  zones  are  presented  in  Figure  11.3.  The  solid  (diagonal  lines 
drawn  on  each  of  the  plots  define  the  ±5  mm/hr  retrieval  earor  range. 


The  D-Matrix  error  statistics  can  be  compared  to  the  error  statistics  of  the  best  pos.sible 
linear  model  estimate  which  are  included  in  the  second  secti^'n  of  each  table.  The  best  linear 
model  of  the  n  r  rain  rates  is  obtained  by  r^piessing  Jie  SSM/I  corrected  brightness 
temperatures  (SDR  data)  against  the  radar  rainfeU  rat»  using  a  stq>wise  procedure.  Regressions 
are  performed  on  the  same  subsamples  of  collocated  data  from  which  the  D-Matrix  error  statistics 
were  derived.  Since  a  lower  bound  of  0  mm/hr  is  imposed  on  the  D-Matrix  rain  retrievals,  the 
same  lower  bound  is  imposed  on  the  regression  estimates.  Each  regression  relationship 
represents  the  best  p  ible  model  of  the  radar  rain  rates  which  is  linear  in  the  brightness 
temperature  data,  and  therefore  it  defines  an  upp«  limit  on  the  performance  that  can  be  expected 
from  any  linear  retrievai  algorithm  for  the  data  sample  in  question. 

This  section  will  conclude  with  a  genoal  discussion  of  the  D-Matrix  retrieval  ertor 
.statistics.  Because  the  channels  selected  for  rain  retrievals  over  land  are  the  same  for  each  season 
and  the  brightness  temperature  weightings  are  similar,  the  discussion  will  first  focus  on  land 
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letrievals  for  the  three  specified  seasons  a  d  then  move  to  a  discussion  of  rain  retrievals  over  the 
ocean. 


TABLE  11.3 


STATISTICS  FOR  THE  MTOLATTfUDE  SUMMER  LAND  CLIMATIC  ZONE 


1  CASE 

n 

R- 

t'k 

b 

«7e 

r 

S 

D-Motrix: 

O.O^R,  RL^25  mm/hr 

885 

.535 

2.31 

-.086 

1.50 

.761 

.089 

O.SifR,  KLii25  mm/hr 

18 

6.78 

6.99 

-1.05 

5.18 

.694 

.735 

1.0:£R,  RLi£2S  mm/hr 

37 

8.59 

7.00 

-1.64 

5.87 

.596 

.809 

1.5^R,  RL:£2S  mm/hr 

31 

9.74 

7.05 

-2.00 

6.17 

.564 

.814 

2.0^R,  RLiSIlS  nun/lir 

27 

10.9 

6.79 

-2  62 

6.55 

.476 

.834 

All  charmel  r^iessions: 

O.O^R,  RL±S25  mm/hr 

885 

.535 

2.31 

.215 

1.47 

.784 

.086 

0.5 ^R,  RL:£25  mm/hr 

48 

6.78 

6.99 

.037 

4.57 

.756 

.sn 

l.O^R,  RL^2S  mm/hr 

37 

8.59 

7.C0 

.012 

5.13 

.681 

.618 

i.S^R.  RL£2S  mm/hr 

T1 

9.74 

-7  fX 

/VM 

a 

dr 

•r. 

JOO 

2.Gs;R,  RLSrZS  mm/hr 

27 

10.9 

6.79 

-.001 

5.67 

.551 

.625 

The  number  of  collocated  SSM/I  and  mdar  observations  in  the  8anq>Ie  (n),  die  mean  ndar-derived  ntiniidl 
rate  (R^  and  standard  deviadoa  (fft)  of  the  sample,  the  bias  (b)  and  earor  standard  deviation  ((rj  of  dw  rain 
rate  estimate,  die  correlation  coefficiont  (r)  between  die  radar  and  SSM/I-dedved  rain  tates,  and  the  success 
ratio  (S)  for  each  case  ate  listed  above.  R_,  rr„  b,  and  e,  are  (tven  in  units  of  ma/ht.  The  first  five  rows 
are  the  statistics  of  die  D-Matrix  rain  rate  ostimatss  (RL)  for  die  indicated  siibaets  of  the  full  data  sample. 
The  statistics  are  stratified  because  the  full  data  san^le  is  dominated  by  low  rainfoll  ntH.  In  the  second 
sectiou  the  sratistics  of  linear  regression  fits  to  the  same  subsets  of  points  are  listed.  To  tnaiwtain 
consisteucy  with  the  D-Matrix  estimates,  a  lower  bound  of  0  mm/hr  was  imposed  upon  the  legression 
estimates. 


TABLE  11.4 


STATISTICS  FOR  THE  MIDLATrnJDE  SPRING/FALL  LAND  CLIMATIC  ZONE 


1  CASE 

a 

»« 

«a 

b 

r 

S 

1  D*Matiix: 

■ 

1  O.OslR.  RL^2S  lutn/hr 

.549 

1.50 

t.56 

3.99 

.438 

.632 

1  0.5  tSR.  RL£25  mm/hr 

K3 

2.56 

2.62 

5.82 

7.68 

.279 

2.18 

l.OliR,  RL^2S  tnm/hr 

3.54 

2.82 

5.87 

8.02 

.193 

2.24 

1.5 £R.  RL52S  tnm/br 

■3 

4.12 

2.85 

6.39 

8.35 

.163 

2.34 

2.05:R.  RL^25  mm/hr 

mS 

4.72 

2.89 

5.97 

.157 

2.11 

All  dhannol  regresdonsr 

O.O^R,  RL£25  mm/hr 

1386 

.549 

1.50 

.043 

1.20 

.057 

0.5 SbR,  RL5:2S  nun/hr 

205 

2.56 

Z62 

.007 

2.31 

.472 

.197 

l.O^lR.  RL£2S  mm/hr 

132 

3.54 

2.82 

2.55 

.423 

.227 

1.5  siR,  RL£2S  mm/hr 

99 

4.12 

2.85 

2.61 

.400 

.225 

2.0^R,  RL£25  nun/hr 

79 

4.72 

2.89 

L 

2.65 

.399 

.226 

Tbs  oumber  of  ooUocsted  SSM/I  and  radar  obnrvadom  in  die  aanqjle  (n),  dm  naann  radarnlerivwl  rainCdl 
rate  (R^  and  standard  deviadou  (9^^)  of  the  aaoifdo,  the  bias  (b)  and  error  standard  derviatsou  (oj  of  the  rain 
rate  estimate,  the  conelatioa  coeffideot  (r)  between  ttw  radar  and  SSM/I-deiived  rain  rates,  and  the  sncccas 
ratio  (S)  for  each  case  are  listed  above.  R^  b,  and  9«  ate  given  in  units  of  aom/hr.  The  first  five  rows 
are  the  statistics  of  the  D-Matiix  rain  rate  estimates  (RL)  for  the  indicated  snbacts  of  die  fiiU  data  sample. 
The  statistics  are  stratified  because  the  full  data  sanipSe  is  dominated  by  low  rainfoU  rates,  hi  the  seoaod 
section  the  statistics  of  linear  regresaioo  fils  (o  the  same  aidxets  of  points  are  listed.  To  maintain 
consistency  widi  die  D-Mattix  estimates,  a  lower  bound  of  0  mm/hr  was  imposed  i^nn  tfae  r^ression 
estimates. 


TABLE  11.4 

STATISnCS  FOR  TIIi  NUDLATITUDB  WINTER  LAND  CUMATIC  ZONE 


CASE 

n 

R- 

b 

o. 

r 

S 

D-Matrix; 

O.O^R,  RL£2S  nun/hr 

3797 

.171 

.462 

1.90 

5.22 

.387 

1.09 

0..5s:R,  RL:S2S  nun/hr 

199 

1.39 

.898 

13.6 

14.6 

.037 

8.29 

l.O^R,  RL^25  nun/hr 

110 

1.90 

.925 

13.3 

14.4 

.018 

7.9»!  1 

l.S^R,  RL^2S  mm/hr 

66 

2.38 

.920 

12.3 

13.S 

.144 

6.79  1 

2.0^R,  RL  ^25  mmilir 

36 

2.90 

.973 

12.4 

13.6 

.123 

6.71  1 

All  channel  fegressiona; 

O.OsR,  RL£25  inm/hr 
G.Ssk,  RL&24  imn/lir* 
LOsR,  RL:S25  mm/Iir* 
l.SsH,  RLi2S 
2.0sR,  RL:S 25  mm/hr* 


I  "JVO?  I 

I  ! 


*None  of  the  channels  could  explain  a  sigiuficaat  portion  of  the  variance;  therefore  no  nsercsssion  fit  was 
attempted. 

The  number  of  collocated  SS  1  and  radar  observatioiUi  in  the  aainple  (n),  die  mean  radar-derived  rainfall 
(R^  and  standard  doviahon  (o^  of  the  sample,  the  bias  (b)  and  error  ataodard  deviation  (<rj  of  die  rain 
rate  estinute,  the  conelatioa  coefficient  (r)  between  the  radar  and  SSM/I-derived  rain  rates,  and  the  success 
ratio  (S)  for  each  case  are  listed  above.  a^,  b,  and  <r.  are  {iven  in  units  of  mmlhr.  The  fuat  five  rows 
are  the  statistics  of  the  D-Matrix  rain  rate  estinutes  (RL)  for  the  indicated  subsets  of  the  full  data  sanqile. 
The  statistics  are  stratified  because  die  full  data  launple  is  donuoated  by  low  rainiall  rates.  In  the  second 
section  the  statistics  of  linear  regression  fits  to  the  same  subsets  of  points  are  listed.  To  maintun 
consistency  with  the  D-  Matrix  estimates,  a  lower  bound  of  0  min/br  was  imposed  upon  the  regression 
estitnate.s. 
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TABLE  11.5 


STATISTICS  I^OR  THE  MDOLATITUDB  WINTER  LAND  CUMATEC  ZONE 


R- 

0k 

b 

i 

.171 

.462 

1.90 

1.39 

.898 

13.6 

1.90 

.926 

13.3 

2.38 

.920 

12.3 

2.90 

.973 

12.4 

.17 

.462 

1 

.009 

D  Matrix: 

O.OffR,  RL^iS  mm/hr 
0.5  j£R,  RL:£2S  mm/lir 
1.0£R,  RL£25  mm/hr 
1.5£R,  RL£25  mm. 
2.0^R,  RL  £25  mm/hr 


All  channel  legressioiu: 

0.0£R  RL£25  mm/hr 
G.5£k.  RLa.25  nwn/iijr* 
1.0£R,  RL£25  mm/hr^ 
1.5a;R,  RL£25  mm/hr* 
2.0£R,  RL£25  mm/hr* 


*Kone  of  the  chaands  could  explain  a  sisniticaat  poraon  of  t  .e  variance;  therefore  no  legiescdoa  fit  was 
attempted. 


The  number  of  collocated  SSM/I  and  radar  observafiona  in  the  aample  (n),  the  mean  radar-durived  nu'idall 
rate  CRJ)  and  standard  doviatkm  (oa)  of  the  samp!  ,  the  bias  (b)  and  error  staodainl  deiviaHon  (oj  of  the  nin 
rate  estimate,  the  coiirelitioa  coefficient  (r)  between  the  radar  and  SSM/I-dcrivrd  tain  tates,  and  the  success 
ratio  (S)  for  each  case  are  listed  above.  R.^  -t,  a  id  o.  are  ^ven  in  units  of  mm/br.  The  first  five  rows 

are  the  statistics  of  (he  D-Matrix  rain  rate  estimates  (RL)  for  die  indicated  subnets  of  die  full  data  san^le. 
The  statistics  are  stratified  because  die  full  data  saznple  is  dommsted  by  Iom'  rainliUl  rates.  In  the  second 
section  the  statisLcs  of  linear  legressioa  fits  to  the  same  subsets  of  points  are  listed.  To  nuuntaia 
consistency  with  the  D- Matrix  estimates,  a  lower  bound  of  0  mm/hr  was  iroih  «d  upon  the  ret^resrii^s 
esteinate.f. 


TABLE  11.6 


STAlISnCS  FOR  THE  MIDLA'nTlJDB  SUMMER  OCEAN  CLIMATIC  ZONE 


CASE 

n 

R. 

•a 

b 

r 

s 

D-Matrix: 

O.O^R,  ROs:2S  nun/hr 

551 

.293 

1.31 

-.094 

1.26 

.446 

.063 

0.5 d;R,  R0£25  mm/hr 

14 

6.63 

2.90 

-2.71 

4.27 

.012 

.506 

L0:£R,  R0^2S  mm/hr 

14 

6.63 

2.90 

-2.71 

4.r/ 

.012 

.506 

1.5  ROsl 25  mm/hr 

12 

6.56 

2.91 

-2.14 

3.66 

.149 

.riA 

2.0'.SR.  ROS25  mm/hr 

11 

6.98 

2.64 

-2.62 

3.71 

.317 

.371 

All  channd  regreesioas; 

O.O^R,  ROs:25  mm/hr 

551 

.293 

1.31 

.09S 

.909 

.728 

mm 

■  0.5 iSK,  rO<2S  sam.^ 

14 

6.63 

on 

IC1 

1  A'StK 

190 

1  1.Gi£R.  R0£25  mm/hr 

14 

6.63 

2.90 

2.61 

.435 

.189 

1  1.5£R.  RO£2S  mm/hr 

12 

6.56 

2.91 

.000 

2.62 

.437 

.191 

\  2.0£R,  ROS2S  mm/hr 

11 

6.98 

2.64 

2.27 

.508 

1 

.139 

Tbe  nuDiber  of  oolktcatod  SSMA  and  obsnvadons  in  Aw  sanple  (n)>  Aw  mean  ndar-dorived  nialidl 
nte  (Ra)  and  atandud  deviation  (<ra)  of  the  sample,  the  bias  (b)  and  enor  standaid  deviatioa  (aj  of  the  rain 
rate  estimate,  the  correlatiou  oocflkieat  (r)  between  die  radar  and  SSM/I-dcrived  rain  rates,  and  tbe  success 
ratio  (S)  for  each  cast  are  listed  above.  R.,  b,  and  a,  are  given  in  units  of  mm/hr.  The  Erst  Eve  rows 
are  the  sutistics  of  Aie  D-MatrU  rain  rate  estiiaales  (RO)  for  the  indicated  subsets  of  the  full  data  sample. 
The  statistics  are  stratiEed  because  the  EiU  data  eair^le  is  dominated  by  low  rainfoU  rates.  Ka  Aie  second 
section  the  statistics  of  linear  regression  fits  to  the  aanw  subsets  of  points  a.c  listed.  To  amintain 
consistency  with  the  !>-Matrix  estimates,  a  lower  hound  of  0  nun/hr  was  imposed  tqKn  the  legresskm 
estimates. 
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TABLE  11.7 

STATISTICS  FOR  THE  MTOLATITUDB  SPRING/FALL  OCEAN  CLIMATIC  ZONE 


I _ CASH _ n _ R* _ _ b _ 2* _ r  S 

I  D-Matrix: 

I  0.0:5R,  RO£;25  nuu/hr  1034  .961  2.77  -.551  2.91  ,160  .333 

0.5SR.  RO:S25  mui/hr  72  4.66  4.9«  -1.23  5.98  -.229  1.16 

l.OsR,  R0:S25  nan/hr  53  6.07  5.11  -2.99  6.44  -.146  1.20 

1.52R,  R0^25iatD/hr  33  6.20  4.22  -2.35  5.17  -.036  .768 

2.0aSR,  R0^2S  mm/hr _ 30  6.64  4.18  -2.77  5.37  -.054  .799 

All  channel  regressions: 

I 

0.0 s: R,  RO:£ 25  mm/hr  1034  .961  2.77  ,173  1.96  .711  .151 

O.SSR,  ROi:25  nun/hr  72  4.66  4.98  .006  3.74  .660  .452 

I.OSR,  ROs;25  nun/hr  53  6.07  5.11  .001  4.24  .560  .522 

1.S5R,  RO:S;25nim/hr  33  6.20  4.22  .000  3.44  .581  .340 

Z.OaR,  R0!S2S  aun/hr  30  6.64  4.18  -.001  3.49  .550  .337 

The  oumber  of  collocated  SSM/I  and  radar  observatsoos  in  the  san^le  (n),  the  mean  ndar^lerived  reinfUl 
rate  (RJ  and  standard  devialitMi  (OiJ  of  the  sample,  die  bias  (b)  and  esror  standard  deviatioo  (aj  of  the  rain 
rate  estiinate,  the  correlation  coefficient  (r)  between  the  radar  and  SSM/i-derived  rain  rates,  and  the  success 
ratio  (S)  for  each  case  are  listed  above.  R.,  (r^,  b,  and  <r,  axe  given  i'l  units  of  mm/hr.  The  first  five  rows 
are  the  statistics  of  the  D-Matrix  rain  rate  estimates  (RO)  for  the  indic.Ued  subsets  of  the  foil  data  sample. 
The  statistics  are  stratified  because  the  foil  data  sample  ia  domiiiated  by  low  rainfall  lates.  In  the  aecond 
section  the  statistics  of  linear  regression  fits  to  die  same  subsets  of  points  are  listed.  To  maintain 
consistency  with  the  D-Matrix  ostinuites,  a  lower  bound  of  0  mm^  was  ingiosod  upon  the  regression 
I  estimates. 
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1  TABLE  11.8  1 

1  STATIi  ICS  FOR  THE  MIDLATITUDE  WINTER  OCEAN  CLIMATIC  ^.ONL  R 

CASE 

n 

®a 

— 

b 

r 

S  0 

D-Matrix: 

O.Os;R,  R0^2S  mm/hr 

22.36 

.049 

.147 

.GSj 

.920 

.08$ 

.034  1 

0.5s;R,  RO:52S  mm/hr* 

2 

1.73 

.261 

1 

l.O^R,  R0^2S  mm/br* 

2 

1.73 

.261 

1 

l.Sa^R,  RO£2S  mm/hr* 

2 

1.73 

.261 

1 

2.02R,  RO<:25  mm/hr* 

0 

R 

All  channel  tt^iessions: 

1 

O.O^R,  R0^2S  mm/hr 

2236 

.049 

.147 

.005 

.132 

.441 

.001  1 

O.SSR,  RO:s;2S  mm/hr* 

■  KO<25  Hins/hr* 

1 

1 

I  1..5:sR,  RO£2S  mm/hr* 

1 

1  2.0  SiR,  RO£2S  mm/hr* 

*Sanip!e  size  insuffkient  frn  analysis  to  be  pedbrmed. 


The  Duiober  of  collocated  SSM^  and  ndar  ohservatiotM  in  the  sample  (n),  the  mean  : 
ntie  (X.)  and  standafid  deviation  (a|0  <  f  die  sample,  the  bias  (b)  and  error  sUndaid  deviadon  (oj  of  the  rain 
rate  estimate,  the  conelatijo  coefficient  (r)  between  tbo  ndat  and  SSM/I-dsrived  rain  rates,  and  the  success 
ratio  (S)  for  each  case  are  listed  above.  R.,  a*,  b,  and  o,  axe  ipven  in  ucita  of  mm/hr.  The  first  five  rows 
are  the  statisdc^s  of  the  D-Matrix  rain  tale  estimates  (RO)  for  die  indicated  subsets  of  the  full  data  sample. 
The  statistics  arc  sOatified  because  the  full  data  sample  is  dominated  by  low  minfoll  rates.  In  the  second 
section  the  stati^cs  of  linear  legiessioo  fits  to  the  same  subsets  of  points  are  aisled.  To  maintain 
consistency  with  the  D-Matrix  estimates,  a  lower  bound  of  0  mm/hr  was  inposed  upon  the  regression 
estimates. 


The  D-Matrix  algoiithm  for  the  midlatitude  summer  land  climatic  zone  shows  the  best 
overall  ability  to  estimate  surface  rainfall  rates.  Although  tlie  errors  in  the  rain  rate  estimates 
are  somewhat  greater  than  the  specified  ±5  mm/hr  at  high  rainfall  rates,  the  correlation  between 
the  D-Matrix  retrievals  and  the  radar  rain  rates  (maximum  of  .761)  is  relatively  high  and 
comparable  to  correlations  obtained  using  other  microwave  sensors  over  land.  For  example, 
Spencer  [7]  found  a  .795  correlation  between  regressed  Scanning  Multichannel  Microwave 
Radiometer  (SMMR)  brightness  temperatures  and  radar-derived  rainfall  rates  in  summer  rainfall 
over  the  midwest  United  States.  ITie  D-Matrix  estimates  are  somewhat  low-biased  (-1-2 
mm/hr)  with  respect  to  radar;  see  Figure  11.3a.  The  linear  regression  estimates  based  upon  the 
same  samples  of  data  yield  slightly  better  esdniates,  with  a  maximum  correlation  of  .784  over 
the  entire  sample  of  data. 

Tlie  D-Matrix  spring-fall  land  algorithm  performs  poorly  in  relation  to  the  summer 
algorithm.  In  genera"  the  D-Matrix  algorithm  greatly  overestimates  light  rair  rates,  which  leads 
to  positive  biases  of  approxinuitely  6  mm/hr  and  random  errors  of  8  mrn/hr,  and  very  low 
correlations  to  radar  rain  rates;  see  also  Figure  11.3b.  The  success  ratio  (—2  for  rainfall  rates 
2:  .5  ram/hr)  indicates  that  the  D-Matrix  retrievals  fall  outside  the  Navy  specifications. 
Regression-based  estimates  of  the  data  are  superior,  with  lower  mean  errors  (—2-3  mm/hr)  and 
modest  but  somewhat  higher  correlations  with  radar  rain  rates  (nuudmum  r  =  .€02). 

D-Matrix  winter  rain  rate  estimates  are  extremely  high-biased,  with  very  large  mean 
errors  (  —  14  mmyhr)  ?nd  almos*  no  correlation  to  radar.  The  regression  models  are  not  much 
better  (see  Table  11,5  and  Figure  ii.3c). 

A  comparison  cf  D-Matrix  rain  imagery  and  brightness  temperature  imagery  indicated  that 
lower  land  background  brightness  ter.^oeratures  during  the  fall  and  winter  seasons  may  have  been 
interpreted  as  signatures  of  rainfall,  leading  to  extreme  positive  biases  in  retrievals. 

The  midlafitude  summer  ocean  D-Matrix  algorithm  shows  less  skill  in  estimating  surface 
rainfall  rate  in  comparison  to  the  land  algorithm  for  the  same  season,  although  the  number  of 
collocated  D-matrix  estimates  and  rainfall  rates  greater  than  1  mm./hr  (14)  is  admittedly  small. 
The  D-Matrix  retrieval  errors  ( — 4  mm/hr)  are  within  the  Navy  specifications,  but  the  correlation 
between  retrieved  and  radar  rain  rates  is  low  (maximum  r  =  .446).  The  D-Matrix  estimates  are 
also  low-biased  on  the  order  of  2  -  3  mm/hr  for  rainfall  rates  greater  than  .5  mm/hr.  Regression 
estimates  based  upon  the  summer  ocean  data  also  yield  low  correlations  with  radar  except  in  the 
range  of  very  low  rainfall  rates  (Table  11.6  and  Figure  11.3d), 

The  spring-fali  D-Matrix  rain  rate  estimates  over  ocean  are  essentially  uncorrelated  with 
radar-derived  rainfall  rates  (see  Table  11.7  and  Fig.  11.3e).  Radar  derived  rainfE<ll  rates  arc 
typically  underestimated,  w'ith  mean  errors  on  Uie  order  of  5  -  6  mm/hr,  D-Matrix  success  ratios 
exceed  1  for  two  of  the  subsamples,  which  indicate  a  perfonnance  outside  of  Che  pres<'ribed  ±5 
mm/hr  tolerance.  Regression  estimate;  based  upon  the  same  iJata  yield  a  much  greater 
correlation  with  radar  rain  rates,  and  eiTois  are  within  specifications.  Tlie  repression  results 
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suggest  that  significant  improvements  can  be  made  in  the  retrieval  of  rainfall  ^tes  over  the  ocean 
in  the  spring-fall  season. 

Although  only  a  small  number  of  collocated  radar  rain  rates  greater  than  1  nim/hr  were 
obtained  during  the  winter  season  over  the  ocean,  the  plot  in  Figure  11. 3f  revrals  a  large  positive 
bias  in  D-Matrix  retrievals.  Errors  are  within  specifications  only  because  the  mean  of  the  rain 
rate  saniple  is  extremely  small  (—  .05  mm/hr).  Stratification  of  the  winter  ocean  sample  by  a 
minimum  threshold  of  1  mm/hr  eliminates  all  but  .wo  collocated  measurements.  Regression 
estimates  based  upon  the  entire  sample  of  data  )neld  low  correlations  with  radar  Cl'able  11.8). 


FABLE  11.9 


STATISTICS  FOR  THE  TROPICAL  WARM  SEASON  L^\J^  CLIMATIC  ZONE 


1  CASE 

n 

a* 

b 

r 

S 

1  D-X.atrix: 

1  0.0<;R,  RL^25  mm/hr 

120 

.916 

1.19 

.301 

1.88 

.526 

.139  1 

1  0.5^R,  RL^2.5  nun/hr 

37 

1.74 

1.46 

2.07 

3.06 

.400 

.359  1 

1  l.OsR,  RL:S25  mm/hr 

23 

2.28 

1.63 

2.54 

3.67 

.186 

504  1 

1  I.S^R,  S<..e;25  mm/Tir 

!4 

2.91 

t 

A. 04^ 

3.20 

4.52 

-.302 

.739 

2.02;R,  RL:S25  mm/hr 

8 

3.90 

1.92 

2.22 

4.20 

-.547 

.6)1 

Ail  channel  regressions: 

O.O^R,  RL2S25  mm/hr 

120 

.916 

1.19 

.332 

1.04 

.576 

.043 

0.5:SR,  RL:S25  mm/hr 

37 

1.74 

1.46 

.214 

1.13 

.662 

.049 

l.O^R,  RL^25  mm/hr 

23 

2.28 

1.6.1 

.282 

1.37 

.577 

.070 

1.5 ^R,  RL^2S  mut/hr 
2.0^R,  RI.^25  mm/hr* 

14 

2.94 

1.82 

.245 

1.43 

.641 

.074 

^Sample  size  insufficient  for  analysis  to  be  performed. 


The  number  of  collocated  SSM/I  and  radar  observations  in  the  sample  (n),  die  mean  radar-derived  rainfall 
rate  (K,J  and  standard  deviation  (at)  of  the  sample,  the  bias  (b)  and  error  standard  deviaticm  (irj  of  the  rain 
rate  estimate,  the  correlation  coefficieDt  (r)  between  the  radar  and  SSM/I-derived  rain  rates,  and  the  success 
ratio  (S)  for  each  case  are  listed  above.  R,,,  b,  and  a,  are  given  a  units  of  mm/hr.  The  fiist  five  rows 
aie  the  statistics  of  the  D  Matrix  rain  rate  estinutes  (RL)  for  the  indicated  oubsets  of  d  *  full  data  sample. 
The  statistics  arc  stratified  because  the  full  data  sample  is  dominated  by  low  raiahtU  rates.  In  the  second 
sectiop  the  statistics  of  linear  regression  fits  to  the  Kiiue  subsets  of  points  are  listed.  To  maintain 
consistency  with  the  D-Matrix  estimates,  a  lower  bound  of  0  nun/hr  was  imposed  upon  the  regression 
estimates. 
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TABLE  11.10 


r 


STAUSnCS  FOR  TH3  TROPICAL  WARM  SEASON  OCEAN  CLIMATIC  ZONE 


CAS.L 

“1 

R« 

b 

(T, 

r 

S 

0.0  :£R,  R0:£25  mxi/hr 

JMJ 

.428 

.892 

.642 

1.78 

.630 

.126 

O.S  '*R,  ROs;25  mm/br 

241 

1.71 

1.42 

3.17 

3.56 

.224 

.486 

1.0 rSR,  R0^2S  rma/Kir 

157 

2.26 

1.5! 

2.79 

3.28 

.185 

.403 

1.5 ^R,  R02:2S  nuo/hr 

IOC 

2.83 

1.64 

2.47 

3.14 

.052 

.359 

2.0  !£R,  R0£25  nun/hr 

65 

3  43 

1.7$ 

1.36 

2.73 

.079 

.262 

All  chanuol  legiessions: 

1 

Q.0:£R.  R0:£25  tnm/hr 

.892 

.161 

.618 

.760 

.015  1 

i.42 

OCA 

t  AO 

* 

j/rr 

•  'W# 

1 10  K 

•  A  A  M 

1  l.O^lR,  ROsi25  nundu- 

157 

2.26 

1.51 

.111 

1.40 

.429 

.073 

1  1.5:SR.  R0^2S  nun/hr 

100 

2.83 

1.64 

^.(«7 

1.48 

.441 

.079 

1  2.0diR,  ROrSZS  aun/hr 

3.43 

1.73 

.309 

1.69 

.357 

.100 

The  au<id)er  of  collocated  SSM/I  and  ladar  obsorvatioos  in  Iho  nurplo  (n),  the  nwan  radar^rived  ndnfall 
rate  (R^  and  standard  deviation  (e^)  of  the  sanifile,  die  bia*  (b)  ajsd  mor  standard  deviation  (aj  of  the  rain 
rate  estimate,  the  ootredation  coefHcient  (r)  between  the  radar  and  SSM/I-derived  rain  rates,  and  the  su  cess 
ratio  (S)  for  each  case  are  listed  idwive.  R^,  cft,  b,  and  «;  sio  givop  in  wiits  of  mm/hr.  The  first  five  lo-vs 
sie  the  statistics  of  the  D-Matrix  rain  rate  estinatee  (RO)  for  the  indicated  aabaets  of  die  full  data  sample. 
The  statistics  are  stratified  because  the  fiiU  data  sas^le  ta  dominated  hy  lonv  rainbll  lates.  In  the  second 
section  the  statistics  of  linesi  legressioa  fits  to  the  same  mihacts  of  points  are  listed.  To  maintain 
consisteacy  with  the  !>~Matn'x  estimates,  a  lower  booed  of  0  nun/hr  was  impooed  upon  the  rcjn^ssion 
estimates. 


I 


11  21 


<111  c 


11.4.3  TropiiaiJa-Masix  Algpoihoi  Error  Slatiglia 


Statistics  of  the  tropical  algorithm  rain  rate  estimates  for  land  and  ocean  uivironments  are 
presented  in  Tables  11.9  and  11.10,  respectively,  'fhe  statistical  analyses  arc  identical  to  those 
performed  on  the  midlatitude  data.  Over  either  land  or  ocean,  it  is  evidoit  from  the  tables  that 
although  the  D-Matrix  algorithms  may  perform  within  specifications  (S-factors  all  <  1),  the 
correlation  of  rain  estimates  with  ground  truth  estimates  is  relatively  low.  Over  eitlier  sur^ce, 
correlations  are  all  less  than  .2  for  radar  derived  rainfall  rates  greater  than  1  mm/hr;  tlie  bias  and 
error  standard  deviation  of  the  estimates  are  on  the  order  of  2  to  3  mm/hr.  These  results  are 
reflected  in  the  D-Matrix  retriev'al  plots  in  Figure  i  l-4a  and  1  l-4b.  Large  positive  biases  in  the 
D-Matiix  estimates  are  noted  at  rainfall  rates  less  Jian  about  4  mm/hr,  while  there  is  a  trend  of 
negative  biases  at  higher  rainfall  rates. 

The  linear  regression  estimates  yield  consistently  higher  correlations  with  the  .surface  radar 
data  in  comparison  to  the  D-Matrix  estimates.  Although  the  da  i  sample  is  admittedly  small  over 
land  in  the  tropicus,  the  correlation  coefficients  of  the  regression  estimates  are  close  to  .6,  while 
the  error  standard  deviations  range  from  1.0  to  1.5  mm/hr.  Bias  in  the  regression  estimates  is 
positive,  but  about  an  order  of  magnibide  smaller  titan  the  bias  in  the  D-Matrix  estimates  (~'.2 
to  .3  mm/hr).  Over  the  ocean,  the  correlation  coefficients  of  the  r^ression  estimates  are 
semewhot  smaller  than  those  over  land  (~  .4  to  .7),  but  again  the  error  standard  deviations  and 
bia^  figures  are  significantly  reduced  in  comparison  to  those  of  the  D-Matrix  estimates.  Error 
standard  deviations  are  on  the  order  of  1.5  mm/hr,  and  the  bias  figures  are  all  less  than  1.0 
mm/hr  in  absolute  value.  The  regression  estimates  which  were  based  upon  the  firll  land  and 
ocean  data  saiT.plcs  are  plotted  versus  uie  radar  thrived  rainfadi  rates  in  Figures  1 1 .4c  and  1 1 .4d, 
respectively. 

Although  lower  rainfall  rates  tend  to  be  overestimated  and  higher  rain  . all  rates  tend  to  be 
underestimated  by  the  regression  formulae,  the  overall  bias  and  scatter  in  the  regression  estimates 
is  significantly  smaller  than  the  bias  and  scatter  of  the  D-Matrix  estimates.  Most  of  the 
regression  estimates  fall  witliin  approximately  ±2  mm/hr  of  the  radar  derived  rainfall  rates. 
These  statistics  and  plots  suggest  that  regression-based  algorithms  may  be  constructed  wliich  yield 
rain  rate  estimates  which  are  superior  to  the  D-Matrix  estimates. 


11.5  ALTERNAT. :  ALGORITHMS 

The  plots  of  the  D-Matrix  rain  rate  estini  ites  versus  radar-derived  rainfall  rates  in  Figures 
11.3  and  11.^  all  show  a  common  trend  at  low  radar-derived  rainfall  rates,  the  D-Matrix 
algorithm  tentL  to  overestimaic  rainfsl!  rate,  wl  lie  at  high  rainfall  rates  the  D-matrix  algorithm 
tends  to  underestintale  rain  intensity,  i  mcar  regression  models,  n  general,  have  this  feature 
since  scatter  due  to  errors  and  nonlinearitics  in  flic  relationship  belw  o;  variables  is  minimized 
with  respect  lo  the  mean  value  of  the  iiulc-fK  ndent  data  (i.e.,  in  thi ;  th?  n  an  rainfall  rate). 


J 1 


cz 


Figure  11.4  -  D-Matrix  retrievals  of  rainfall  rate  versus  radar-derived  rainfell  rate  for  (a)  the 
t*  jpical  warm  season  ove  land,  and  (b)  the  tropical  warm  season  over  ocean.  Also  shown  are 
the  linear  regression  estimates  of  rainfall  rate  based  upon  the  collocated  SSM/I  brightness 
icmperatures  and  radar  derived  rain^l  rates  between  0  and  25  inm/hr  for  (c)  the  tropical  warm 
season  over  land,  and  (d)  the  tropical  warm  sea.son  over  ocean.  Solid  lines  define  the  ±,5  mm/hr 
retrieval  error  limits. 


Figure  li.5  -  Radiative  transfer  modd  computations  o'  the  S.5  GHz  vertical  polaiuation 
brightness  temperatme  tipwdiing  from  a  <(oud  over  laini  ^ntaining  (a)  only  liquid 
hydrometeors,  and  (b)  both  liquid  and  ice  hydrametcors.  The  clou  '  vertical  structure  in  (a)  is 
designed  to  simulate  stratiform  precipitation,  whereas  in  (b)  a  oonveci.  ve  cloud  is  modeled.  The 
ft’Otprint-aveiage  rainfall  rale  is  plotted  as  a  fi  nctiun  of  the  fooqjrint-average  upwelling 
brightne.ss  tempe  ature.  Solid  lines  are  isolines  of  cloud  fraction  within  the  radiometer  footprint, 
which  run  in  the  :equence  .25,  JO.  .75,  aj  I  1.0  ftom  left  to  nght  in  the  plots,  a  ed  lines 
are  isolines  of  in-cloud  rainfall  rate  which  runs  in  the  sequence  4,  8  12,  \  2d,  ac  .4  msi  ■ 

from  bottom  to  top  in  the  pi*  i  Model  computation.^  arc  ptrjvided  by  Kur  menw  181 
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A  physical  reason  for  tlie  rainfall  rate-dq)endent  bias  can  be  understood  using  modci 
simulations  of  the  brightness  temperature  upwelling  from  precipitating  clouds.  In  Figure  11.5 
are  plotted  model  simulations  ol  the  85.5  GHz  vertically-polarized  brigh  less  temperature 
up  .veiling  from  precipitating  clouds  over  land.  Separate  simulations  are  performed  for  clouds 
which  fill  different  fractions  of  die  rad*  imeter  footprint.  The  clouds  in  Figure  1 1 .5a  contain  onJy 
liquid  precipitation,  in  an  attempt  to  simulate  stratiform  precipitation  in  which  cloud  updraft 
sp^s  are  relatively  low.  In  the  figure,  tlie  fooftjiint-average  rainfall  rate  is  plotted  as  a  function 
of  the  footprint  average  upwelling  brightness  temperrture.  Isolines  of  cloud  fraction  (solid)  and 
in-cloud  rainfall  rate  (dashed)  are  also  indicated.  The  clouds  in  Figure  1 1.5b  contain  both  liquid 
and  ice  precipitation  sized  particles  in  a  vertical  distribution  consistent  with  the  structure  of 
strongly  convective  clouds  or  thunderstorms.  Figure  11.5  clearly  indicates  a  nearly  exponential 
relationship  between  rainfall  rate  and  upwelling  brightness  temperature.  Model  simulations  of 
upwelling  brightness  temperatures  over  land  at  the  other  SSM/I  channel  frequencies  and 
polarizations  show  a  similar  nonlinear  relationship.  Over  ocean  backgrounds,  model  simulations 
indicate  more  complicated  brightness  temperatuie-rainfall  rate  relationships  due  to  the  generally 
lower  ocean  emissivity  and  the  effects  of  raindrop  emission  (see  Kummerow  [9]). 

These  simulations  suggest  that  linear  models  are  in  most  cases  inadequate  to  describe  the 
relationship  between  brightness  temperature  and  rain  rate.  \n  exception  was  shown  by  Spencer 
[10]  to  exist  for  convective  precipitation  over  the  ocean,  where  a  linear  combination  of  the 
brightness  temperatures  in  the  vertically  and  .  iorizontally  polarized  37  GHz  channels  of  the 
SMMR  was  found  to  be  linearly  related  to  area-average  rainfall  late.  However,  in  tropical 
cyclones,  where  a  mixture  of  convective  and  stratiform  precipitation  is  present.  OJson  [11,  !2] 
demonstrated  that  rain  retrievals  using  the  37  GHz  data  alone  tended  to  overestimate  the  intensity 
of  lighter  rainfall.  Superior  rain  rate  estimates  were  obtained  when  data  from  channels  at  the 
lower  SMMR  frequencies  (e.g,  18  GHz)  were  incorporated  into  a  physical  retrieval  method. 

In  addition  to  the  nonlinear  relationship  betwe  ti  rainfall  rate  and  brightness  temperature, 
a  comparison  of  the  model  curves  in  Figure  11.5  indicates  that  the  type  of  precipitation 
(stratiform  or  convective)  also  has  a  bearing  on  the  microwave  signature  of  rainfall.  The  lack 
of  ice  in  the  stratiform  cloud  simulation  cause ;  the  brightness  temperature  to  become  relatively 
insensitive  to  changes  in  the  rainfall  rate  at  rainfall  rates  greater  than  a  few  mm/hr.  On  the  other 
hand,  scattering  from  increasing  numbers  of  ice  hydrometeors  in  the  convective  cloud  causes  the 
brightness  temperature  to  decrease  with  rain  rale  at  highrr  rainfall  rates.  Clearly  a  mixture  of 
the  two  precipitation  regimes  could  lead  to  difficulties  in  making  rain  estimates,  unless 
information  from  other  channels  is  incorporated. 

Two  approaches  are  undertaken  in  an  attempt  to  obtain  impi  oved  regression  models  for 
rainfall  rate.  First,  the  residuals  in  the  Unear  regression  analyses  ore  weighted  to  emphasize 
errors  at  the  higher  rainfall  rates.  Weighting  by  an  increasing  Unction  of  the  rainfall  rate  helps 
to  compensate  for  the  skewed  distribution  of  rainfall  rates,  which  is  dominated  by  low  rain  rates 
(see  Figure  11.2).  Although  the  errors  in  regression  estimates  of  rainfall  rate  in  the  range  of  low 
rainfall  rate  tend  to  increase  by  this  approachj  they  aie  more  Ukely  to  remain  within  the  specified 
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+5  mm/hr  error  limits  because  their  magnitudes  are  initially  small.  Ahematively,  improved  rain 
rate  estimates  are  obtained  at  higher  tainfail  rat°s  due  to  the  weighting. 

The  problems  experienced  with  linear  regression  models  can  be  partly  overcome  by 
utilizing  nonlinear  predictors/predictands  which  more  closdy  maten  the  j^ysical  relationship 
between  brightness  temperature  and  rainfall  rate.  The  simplest  nonlinear  algoriUim  to  implement 
operationally  is 

7 

i?=SXp 

where  the  rainfall  rate  is  expressed  as  an  exponential  function  of  the  seven  SSM/I-measuted 
brightness  temperatures  Tbi,  with  fitted  constants  and  c.  The  coefficients  are  determined  by 
regressing  ln(R+c)  against  th^.  SSM/I  brightness  temperatures  for  diffoent  values  of  the  constant 
c.  Experimentation  'vith  the  sets  of  collocated  SSM/I  and  radar  data  indicate  that  values  of  c 
between  1  and  16  may  be  adequate  for  most  climatic  zones  and  seasons.  The  value  of  formula 
(5)  is  that  tlie  nearly  exponential  dependence  of  rainf^l  rate  on  brightness  tempm^ture  is 
established.  The  fitted  coefficients  a^  allow  for  t*'e  variations  in  curvature  of  the  brightness 
temperature  to  rainfall  rate  relationship  which  may  je  induced  by  varying  cloud  ice  contents  or 
fractional  footprint  coverage. 

Regressions  of  both  R  and  //t(R+c)  against  SSM/I  brightness  temperature  data  were 
performed  in  an  atiempt  to  find  a  general  retrieval  formula  for  rainfall  rate  Because  the 
calibration  of  the  radars  at  Darwin  and  Kwajalein  was  checked  frequently  as  part  of  the  Tropical 
Rainfall  Measuring  Mission  (TRMM)  program  (see  Simpson,  et  al.  [13]),  (^y  data  from  these 
radars  were  utilized  in  the  rain  retrieval  algorithm  development.  Collocated  SSM/I  and  radar 
data  were  separated  into  land  and  ocean  samples  using  a  bitmap,  and  all  data  within  69  km 
(approximately  one  19.35  GIIz  fooqrrint  width)  of  coastlines  were  filtered.  In  addition,  flooded 
soil  regions  over  land,  determined  by  the  McFarland  and  Neale  (personal  communications) 
brightness  temperature  oiscriminant  function,  were  filtered  from  the  analysis.  Residuals  in  the 
regressions  were  weighted  by  a  factor  of  R**  *  to  compensate  for  the  naturally  skewed  rainfall 
distiibution. 

Statistics  of  the  rain^  rate  regression  estimates  over  land  and  ocean  are  presented  in 
Tables  11.11  and  11.12,  respectively.  It  may  be  noted  from  Table  11.11  that  over  land,  either 
the  linear  or  exponential  model  estimates  are  substantially  better  than  the  D-Manix  estimates. 
The  mean  error  of  the  linear  regression  estimates  for  rainfall  rates  greater  than  or  equal  to  .5 
mrn/hr  is  1.14  mm/hr,  which  is  significantly  less  than  the  T  Matrix  error  standard  deviation 
(3.06  mm/hr).  It  would  appear  that  the  exponential  models  do  not  perform  quite  as  well  as  the 
linear  regression  models,  based  upon  the  stati.stics  in  Table  11.11.  Correlations  to  the  radar  rain 
rates  arc  slightly  lower,  and  error  standard  deviations  are  roughly  tlie  same.  However,  the 
overall  bias  of  the  exponential  model  estimates  is  somewhat  lower,  and  an  application  of  the 
exponential  regression  formulae  u  diverse  rain  systems  over  the  tropics  and  midlatitudes 
indicated  generally  superior  perfonnance  witli  respect  to  linear  nwdels.  The  exponential  models 
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TABLE  11.11 


REGRESSION  \;ODEL  STATISTICS  BASED  UPON  THE  TROPICAL  WARM 

SEASON  DATA  OVER  LAND 


CASE 

n 

R- 

b 

S 

D-Matrix: 

O.O^R,  RL:S2S  mm/hr 

120 

.916 

1.19 

.301 

.526 

.139 

O.S^R,  RL:g2S  mm/hr 

37 

1.74 

1.46 

2.07 

.400 

.359 

Linear  Regression: 

O.O^R,  RL^2S  mm/hr 

120 

.916 

1.19 

.373 

1.04 

.594 

.043 

O.S^R,  RL:^2S  min/hr 

37 

1.74 

1.46 

.185 

1.14 

.674 

.050 

Log  n^ression  (c«  16.0): 
O.OZkR,  RL^2S  mm/hr 

12C 

.916 

1.19 

.339 

1.03 

.575 

.042 

Q.5:£R,  RLza2S  mm/hr 

37 

1.74 

1.46 

.063 

1.16 

.630 

.052 

Log  regression  (c«8.0): 
O.O^R,  RL^25  mm/hr 

120 

.916 

1.19 

.304 

1.02 

.578 

.041 

■  0.5&K.  RL&25  mm/hr 

37 

i./e 

1,40 

nib 

I  1.16 

,630 

.052  ■ 

Log  regression  (c»=4.0): 
O.O^R,  RL^25  mm/hr 

120 

.916 

1.19 

.246 

.996 

.581 

.039  1 

O.S^R,  RL£25  mm/hr 

37 

1.74 

1.46 

-.058 

1.16 

.629 

.052  a 

Log  regression  (c=2.0): 
O.O^R,  RL5:2S  mm/hr 

120 

.916 

1.19 

.205 

.983 

.586 

.038 

O.S^R,  RL^2S  mm/hr 

37 

1.74 

1.46 

.112 

1.16 

.627 

.052 

Tho  rtsidiials  in  «U  legressicsins  were  weigbced  by  tho  square  root  of  tbe  rain&ll  nte.  Tbe  number  of 
collocated  SSM/I  and  ndar  obaervationa  in  die  nanqile  (n),  the  main  tadar^iived  reinfall  rate  (R_)  and 
standard  deviation  (ffi)  of  the  sample,  the  bias  (b)  ud  error  standard  deviation  (oj  of  the  rain  rate  estimate, 
the  cofTslatioa  coefficient  (r)  between  ttie  radar  and  SSM/I-derived  rain  rates,  and  the  success  ratio  (S)  for 
each  case  are  listed  above.  a^,  b,  and  o,  are  (iven  in  unite  of  mmyhr.  Tbe  models  are  categorized  as 
linear  models,  which  include  the  D-Matiix  slgoiithm,  and  expoontiai  models,  in  which  /n(R+c)  is 
regressed  against  the  S3M/I  brightness  temperatures.  Stalistica  ate  c  ratified  by  an  imposed  nnninnuc  on 
the  D-Matiix  (RL)  and  radar-derived  (R)  rainhdl  rates.  A  unqile  minimum  of  0.5  nun/hr  enqihasizes  die 
errors  at  higher  rainfall  rates.  To  maintain  consistency  with  the  D-Matrix  estiimtes,  a  lower  bound  of  0 
mm/hr  was  imposed  upon  the  regression  estimates. 
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TABLE  11.12 

REGRESSION  MODEL  STATISTICS  BASED  UPON  THE  TROPICAL  WARM  SEASON  DATA  OVER 

OCEAN 


— 

CASE 

n 

R. 

b 

r 

s  1 

O-Matrix: 

1 

0.0:£lL  R0^25  mm/br 

1361 

.428 

.892 

.642 

1.78 

.630 

.126  1 

O  S^R,  RO£2S  mm/hr 

241 

1.73 

1.42 

3.17 

3.56 

.224 

.015  J 

Linear  Regression: 

0.  ):£R,  RO:S2S  mm/hr 

1351 

.42S 

.892 

.161 

.618 

.761 

.015 

0.,  •*'R,  RO£2S  mm/hr 

241 

1.73 

1.42 

.258 

1.21 

.558 

.056 

Log  .n^ression  (c=16.0): 
0.0 ^R,  RO£25  mm/hr 

1361 

.428 

.892 

.155 

.602 

.768 

.014 

0.5  ^R,  R0^25  mm/hr 

241 

1.73 

i.42 

.214 

1.20 

.559 

.055 

Log  regression  (c==^8.0): 

0.0  ^R,  RO:£25  uua/W 

136i 

.428 

.892 

126 

.586 

.772 

.014 

0.5  ^R,  ROs:25  nmdif 

241 

1.73 

1.42 

.149 

1.19 

.557 

,054 

Log  regression  (c=4.0): 
0.0:£R,  RO£2S  mm/hr 

1361 

.428 

.892 

.123 

.580 

.775 

.013 

0.5 £tR,  R0^2S  mm/hr 

241 

1.73 

1.42 

.124 

1,19 

.551 

.054 

Log  regression  (c»2.0); 
O.O^R,  R0£25  mm/hr 

136! 

.428 

.892 

.106 

.572 

.778 

.013 

0.5^R,  R0^25  mm/hr 

1 _ 

241 

1.73 

1.42 

.073 

1.20 

.541 

The  lesidiuUs  in  all  regressions  were  weighted  by  the  square  root  of  the  rainfall  rate.  The  number  of 
collocated  SSM/I  and  radar  obecrvations  in  the  sanqile  (n),  the  mean  radar-derived  ninfall  rate  (R.)  and 
standard  deviation  (vg)  of  die  sample,  the  bias  (b)  and  error  standard  devistioa  (ej  of  Oie  rain  estiinate. 


ihe  conelation  coefFicietit  (r)  between  the  radar  and  SSM/I-deiived  ntin  rates,  and  the  mic< 


(S)  for 


each  case  are  listed  above.  R^  Og,  b,  and  <r,  are  given  in  units  of  min/hr.  The  mudds  aru  c«iK.gorued  as 
linear  models,  which  include  ^  D-Matrix  algorithm,  and  exponentia]  models,  in  which  fn(R-)-c)  is 
regressed  against  the  SSM/I  brightness  tenqxanatures.  Statistics  are  stratified  by  an  iiiq>osed  minimum  on 
the  D-Matrix  (RO)  and  radar-derived  (R)  ninfoll  rates.  A  sample  minimum  of  0.5  mm/br  emphasizes  the 
errors  at  higher  rainfall  rati%.  To  nuintaic  consistmicy  with  the  D-Matrix  estimates,  a  lower  bound  of  0 
mm/hr  was  imposed  upon  the  reg  ession  estimates. 
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TABLE  11.12 

REGRESSION  MODEL  STATISTICS  BASED  UPON  THE  TROPICAL  WARM  SEASON  DATA  OVER 

OCEAN 


— 

CASE 

n 

R- 

Oa 

b 

0. 

r 

s  n 

D-Matrix: 

1 

0.0:£R,  RO:£25  mm/hr 

1361 

.428 

.892 

.642 

1.78 

.630 

.126  I 

0.5£lR,  RO:£25  mm/hr 

241 

1.73 

1.42 

3.17 

3.56 

.224 

.015  1 

Linear  Regression: 

O.O^R,  RO£25  mm/hr 

1361 

.428 

.892 

.161 

.618 

.761 

.015 

0.5  £R,  R0£2S  mm/hr 

241 

1.73 

1.42 

.258 

1.21 

.558 

.056 

Log  regression  (c— 16.0): 
0.0 £R,  RO 2:25  mm/hr 

1361 

.428 

.892 

.155 

.602 

.768 

.014 

0.5 :SR,  R0^25  mm/hr 

241 

1.7: 

1.42 

.214 

1.20 

.559 

.055 

Log  regisuaiuD  fc~5.0): 

a 

O.OsiR,  ROeS25  mm  ir 

1361 

.428 

.892 

.126 

.586 

.772 

.014 

0.5 :£R,  R02;25  mm/hr 

241 

1.73 

1.42 

.149 

1.19 

.557 

.054 

Log  regression  (c=4.0): 
0.0<:R,  R02:25  mmAir 

1361 

.428 

.892 

.123 

.580 

.775 

.013 

0.5 2:R,  R0£25  mm/hr 

241 

1.73 

1.42 

.124 

1.19 

.551 

.054 

Log  regression  (c=2.0): 
O.O^lR,  RO£25  mm/hr 

1361 

.428 

.892 

.106 

.572 

.778 

.013 

0.5 £R,  R0:^2S  mm/hr 

L 

241 

1.73 

1.42 

.073 

1.20 

. 

.541 

.055 

Tbe  ntssiduals  in  all  regressiocs  were  •  sighted  by  the  square  root  of  the  rainfall  rale.  Hvo  ouxnber  of 
collocated  SSM/I  and  radar  observa  it  os  in  the  sample  (n),  the  mean  ndar-dca  ed  rainlidi  rate  (R^ 
staodardl  deviation  (tTa)  of  tbe  sample,  the  bias  (b)  and  error  standard  deviatcoo  (trj  of  tbe  rain  rate  eBtimate, 
She  cosrelation  coefficient  (r)  between  the  radar  and  SSM/I-derived  rain  rates,  and  the  success  ratio  (S)  for 
each  case  ate  listed  above.  b,  and  r  are  given  in  units  of  min/hr.  The  mudels  are  categorized  as 

linear  models,  which  include  the  D-Matrii  a  oritlun,  and  exponendal  models,  in  svhich  fn(R-^c)  is 
regressed  against  the  S.SM/I  brightness  tei^peratures.  Statistics  are  stratified  by  an  iu^posed  minimum  on 
the  D~Matrix  (RO)  and  radar-derived  (R)  rainUI  rates.  A  sample  minimum  of  0.5  insn/hr  emphasizes  the 
errors  at  higher  rainfall  rates.  To  maintain  consistency  with  the  D-Matrix  estimates,  a  lower  tound  of  0 
mm/hr  was  imposed  upon  the  regression  estimates. 
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TABLE  11.13 

REOKESSION  MODEL  STATTSTICS  BASED  UPON  TUB  TROWCAL  WAID^  SEASON  DATA  OVER 

LAND,  WITHOUT  THE  «5.S  OHz  DATA 

.CASE 

n 

R- 

«k 

b 

r 

S 

D'Matrix: 

O.Or^R,  RL:£75  mm/hr 

120 

.916 

1.19 

.301 

1.88 

.526 

.139 

0.5 5:R,  RL£2S  cam/hr 

37 

1.74 

1.46 

2.07 

3.06 

.400  .359  1 

Liomr  Regrecrion 
w/o  8S  OHz  data. 

O.OsfR,  RL<25  uun/hr 

120 

.916 

1.19 

.373 

1.04 

.5Wi 

.043 

0.5  ^R,  RL£2S  nun/hr 

37 

1.74 

1.46 

.185 

1.14 

.674 

.050 

iiUK  RG^ceninni 

w/o  85  OHz  data: 

O.O^R,  RL£2S  nun/hr 

120 

•916 

1.19 

.149 

.922 

.643 

- a 

.034 

0.5 5iR,  RL:Si25  mm/hr 

37 

1.74 

1.46 

-.062 

1.13 

.687 

.049 

The  residiMb  in  all  regresnoos  were  wei^ted  by  tiie  wiuare  root  of  dhe  naofidl  laln.  The  number  of 
collocated  SSM/I  and  ndar  cbaervatioiis  ia  the  mmple  (n),  ttse  inean  fadar-derivod  rainAll  rate  (R^  end 
standasd  deviadon  (0^  of  dw  sample,  the  bias  (b)  and  error  staodlard  de>via(ian  (ej  of  the  lain  rate  estiimte, 
the  conelatioa  coefficient  (r)  between  ttw  ndar  and  SSM/I-derived  nin  rates,  and  the  success  ratio  (S)  for 
each  case  are  listed  above.  b,  and  0,  are  given  in  units  of  mm/hr.  The  models  are  categorized  aa 

linear  models,  wfakb  include  tbe  D-Mahix  algorithm,  and  eatpouential  modds,  in  wfaicb  /!ii(R+c)  is 
n^ressed  against  the  SSM/I  bti^tnese  teanpentures.  Statudea  ate  stratified  by  an  inqweed  minimum  on 
the  I>-Matiix  (RL)  and  radar-derived  (R)  lainiidl  ndes.  A  cample  nuninnua  of  O-S  mm/hr  emphasizes  the 
errors  at  higher  rainfoU  ntes.  To  maintain  conristoncy 
mm/hr  was  inpossd  upon  die  rogresrion  estitiiatea. 


with  the  D-Matrir  estiinates,  a  lower  bound  of  0 
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TABLE  11.14 


REGREJSION  MODEL  STATISTICS  BASED  UPON  THE  TROTICAL  WARM  SEASON  DATA  OVER 

OCEAN.  WITHOUT  THE  85.5  GHz  DATA 


CASE 

n 

R- 

b 

r 

S 

D-Metrix; 

0.0£;R,  R0^25  msabt 

1361 

.428 

.892 

.642 

1.78 

.630 

.126 

O.S^R,  R0^25  mm/hr 

241 

1.73 

1.42 

3.17 

3.56 

.224 

.486 

Linear  Regressioa 
w/o  85  GHz  data: 

O.O^R,  R05:25  mm/hr 

1361 

.428 

.892 

.206 

.658 

.735 

.017 

O.S^R,  R0^2S  mm/hr 

■ 

241 

1.73 

1.42 

.278 

1.21 

.558 

.056 

1  Log  regression  (c~2.0) 

1  w/o  85  GHz  data: 

I  0.05:K,  R0£25  mm/hr 

1361 

.428 

.892 

.134 

.593 

.762 

.014 

1  O.S^R,  R0^25  mm/hr 

241 

1.73 

1.42 

.057 

1 

1.17 

. 

.569 

.053 

The  residuals  in  all  regressions  were  weighted  by  the  square  root  of  the  ninlUl  nte.  The  nutaDa 
collocated  SSM/I  and  radar  observatioivi  in  the  sample  (n),  the  mean  radar-derived  raiaMl  rate  (R.J  and 
standard  deviadon  (an)  of  the  sanq)le,  the  bias  (b)  arid  error  standard  devialioa  (oj  of  the  rain  rate  eetimate, 
the  correlatioa  coefficient  (r)  between  the  radar  and  SSM/I-derived  rain  rates,  and  the  success  ratio  (S)  for 
each  case  are  listed  above.  R^  o^,  b.  and  <r,  are  given  in  units  of  mm/hr.  The  models  are  categorized  ae 
linear  models,  which  include  tihe  D-Mstrix  algorithm,  and  exponentia]  models,  in  which  /B(R-t-c)  is 
regressed  against  the  SSM/I  bri^tness  temperatures.  Statistics  are  stratified  by  an  inquieod  minimum  ou 
the  D'Matrix  (RO)  and  radar-derived  (R)  lainfidi  rates.  A  sample  minimum  of  0.5  mm/hr  emphasum  the 
errors  at  higher  nunfdl  rates.  To  maintain  consistoccy  widi  die  D-Matrix  estunates,  a  lower  bound  of  0 
mm/hr  was  imposed  upon  the  regression  estinutes. 
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worked  berltcr  because  IIh:  85.5  GHz  SSM/I  brightness  temperature  d;  a,  which  provide  greatei 
signal  at  lower  rainfall  rates,  were  seiecied  in  the  sl^wise  regression  procedure.  The  85.5  GHz 
data  were  not  rfcclecttxl  in  the  linear  !epres.sion  over  land. 

Plots  of  the  i>-Matrix  estimates  and  the  exponential  model  estimates  (c~8.0  mm/hr) 
versus  radar  derived  rainfell  rate  aie  presented  in  Figures  11.6a  and  11.6c,  respectively. 
Although  rainfall  rates  greater  tl'an  S  mm/hr  tend  to  be  underestimated  by  the  exponential  model, 
the  majority  of  rain  estimates  aie  within  ±2  mm/hr  of  the  radar  rainfall  rates.  The  exponential 
model  estimates  compare  favorably  with  the  D-Mabix  estimates,  which  arc  generally  high  biased . 

Linear  regre.ssion  estimates  of  rain  rates  over  the  ocean  also  ahow  an  improvement  over 
the  D-Matrix  estimates  (Table  11.12).  Errors  with  respect  to  radar  rainfall  rates  are  reduced 
significantly  (3.56  mm/hr  to  1.21  mm/hr  fo:  rainfall  rates  ^  .5  mm/hr),  and  correlations 
increase  dramatically.  A  maximum  correlation  of  .761  is  achieved  over  the  entire  data  sample. 

Rainfall  rate  estimates  obtained  from  the  exponential  models  aie  slightly  more  accurate 
than  the  linear  rt^ression  estimates,  and  the  bias  in  the  exponential  modd  estimates  is  gencarally 
reduced.  A  minimum  error  standard  deviation  of  1.19  mm/hr  is  achieved  by  the  exponentisd 
model  with  c=8.0  mm/hr  for  radar  rainfall  rates  greater  than  or  equal  to  .5  mm/hr.  Plots  of  the 
D-Matrix  and  exponential  model  (c=8.0  mm/hr)  rain  rate  estimates  versus  the  radar  derived  rain 
rates  over  ocean  ate  presented  in  Figures  11.6b  and  11. 6d.  As  noted  earlier  in  the  regression 
analyses  over  land  (Figure  1  L.6c),  the  ocean  legresrion  estimates  tend  to  be  low  at  rainfall  rates 
greater  than  5  mm/hr,  hut  the  majority  nf  estimatei?  fell  unthin  +7  mm/hr  of  the  r!*clar  rain  Tates, 
In  contrast,  the  D-Matrix  rain  rate  estimates  ate  generally  high  bia-sed  aid  show  much  greater 
deviation  from  the  radar  rain  rates. 

Due  to  the  recent  degradation  of  the  SSM/I  85.5  GHz  cliannels  on  the  DMSP-F8,  the 
regression  analyses  were  repeated  with  the  85.5  GHz  brightness  temperature  data  in  both 
polarirations  removed.  Selected  statistics  ti'oni  these  analyses  for  land  and  ocean  backgrounds 
are  presented  in  Tables  11.13  and  11.14,  respectively.  Gne  may  recall  that  over  land,  the  85.5 
GHz  data  were  not  selected  in  tlie  linear  regression  analysis  by  the  stepwise  procedure;  therefore 
the  statistics  of  the  linear  models  in  Tables  il.ll  and  11.13  are  identical. 

It  is  curious  to  note  that  the  most  accurate  exponential  model  (c  =  1.0  mm/hr)  appear  s  to 
outperform  all  other  models  when  the  85.5  GHz  data  are  removed.  This  result  is  an  artifact  of 
the  stepuise  procedure.  Since  the  85.5  GHz  data  are  generally  most  highly  correlated  with 
rainfall  rate,  these  data  were  selected  first  in  »he  all-channel  regressions;  the  partial  conelations 
of  data  from  the  remaining  clmnnels  did  not  warrant  substitution  of  the  85.5  GB  data  with  data 
from  the  lower-frequency  channels.  However,  witli  the  85.5  GHz  brightness  temperature  data 
removed,  a  different  combination  of  chaimels  was  selecJ^d  which  yielded  regression  estimates 
with  a  somewhat  higher  correlation  to  tfie  radar  rain  rates.  The  relatively  small  sample  of 
validation  data  over  land  may  have  couiributed  to  some  >unbiguity  in  the  selection  of  an  optimal 
regression  model. 
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Figure  11.6-  D-Matrix  and  r^ression  estimjtes  of  rainfall  rate  versus  radar -derived  rainfall  rate 
from  the  tropics.  D-Matrix  rain  rate  estimates  ovo^  land  and  ocean  are  plotted  in  (a)  and  (b), 
respectively.  Logarithmic  regre^on  estimat  s  over  land  and  ocean  (c— 8.0  mm/hr)  are  plotted 
in  pands  (c)  and  (d),  respectively.  The  re8res.sion  formulae  'verr  based  upon  collocated  SSM/I 
brightnes.s  temperatures  and  vadar-derived  rainfall  rates  obtained  fiom  the  Darwin  and  Kwajainn 
validation  sites.  Solid  lines  define  the  i5  mm/hi-  retrieval  error  bmits. 
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Application  of  Uic  regression  models  to  SSM/I  observations  of  diverse  rain  systems  in  the 
tropics  and  tnidlatitudes  revealed  that  the  formulae  which  did  not  incorporate'  the  85.5  GHz  data 
tended  to  underestimate  light  rains  over  land.  This  is  because  the  signa  om  light  rainfall  is 
rel.  lively  small  in  the  lowCT-finequency  SSM/I  data,  and  this  smaller  signal  is  obscured  by 
variations  in  surface  emission. 

Regressions  over  the  ocean  which  did  not  include  the  35. S  GHz  SSM/I  brightness 
temperatures  yielded  rain  rate  estimates  which  were  about  as  accurate  as  those  which  included 
the  85.5  GHz  data  (see  Tables  11.12  and  11.14).  Only  small  differences  in  retrieved  rain 
distributions  were  noted  upon  application  of  both  formulae  to  SSM/1  observations  of  several 
storms.  Of  the  r^ression  models  which  did  not  include  the  85.S  GHz  data,  the  exponential 
model  with  c=2.0  mm/hr  produced  (^timal  rain  rate  estimates  over  the  ocean. 


11.6  RECOMMENDATIONS 

The  regression  analy.ses  performed  in  the  last  section  provided  simple  formulae  wh<ch  may 
be  utilized  to  improve  the  retrieval  of  rainfall  rates  over  iMd  and  o^ian  within  the  framework 
of  the  SSM/I  operational  retrieval  software.  It  should  be  noted  tiiat  although  the  regiession 
formulae  determined  in  Section  11.5  .were  based  upon  tropical  radar  data,  application  of  these 
formulae  to  midlatitudc  rain  systems  yielded  rain  rate  estimates  which  were  climatologirally 
realistic  and  consistent  with  available  radar. 

The  statistics  and  independent  application  of  the  regression  formulae  suggest  that  if  the 
85.5  GHz  SSM/I  data  are  available,  then  the  exponential  models  with  c=8.0  mm/hr  provide  the 
best  estimates  of  rainfall  rate  over  land  and  ocean.  Similar  testing  revealed  that  the  exponential 
models  with  c  =  1 .0  mm/hr  over  land  and  c~2.0  tnm/hr  over  yielded  optimal  results  if  the 
85.5  GHz  data  were  not  available.  The.se  formulae  would  be  applied  if  the  screening  logic 
described  below  is  satisfied. 

Ttie  screening  logic  utilizes  the  Hughes’  negative  polarization  test  for  bad  data.  After 
passing  this  test,  if  the  all-channel  SSM/I  brightness  temperature  scene  is  over  land,  then  tlie 
McFarland  and  Neale  screening  logic  is  applied.  If  the  brightness  temperature  scene  is  over  the 
ocean,  then  a  discriminant  function  developed  by  the  authors  is  applied  to  eliminate  false  rain 
signatures  near  coasts.  Coastal  pixels  arc  not  processed. 

SUMMARY: 

The  following  is  the  recommended  rain  letrieval  algoritlim,  including  screening  logic  to 
test  for  the  presence  of  rain . 
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SCREENING  LOGIC: 


If  the  85  GHz  channels  are  available  then 

If  Tatsv  •  Tbssh  <  -2  K  or 
Tb37v  "  Tbjth  <  -2  K  or 

'Lbivv  ~  Tbim  <  -2  K,  then  flag  as  indeterminate 

Else  if  SSM/I  measurement  is  over  land,  then 

If  Tywv  **  'I'bi9v  4  R  and 
Cf*i9v  ■f*  Tb  /)/2  -  (Tbibh  +  Tbj7h)^2  ^  4  K  and 
Tm5v  ”  ffisTv  ^  "1  K  and 
Tbi,v  >  268  K 


or 


If  fsoav  '■  fgijv  ^  4  K  and 
(T*i9v  "i"  Ti37v)/2  -  (Tbi9h  "f  Tb37k)^2  >  4  K  and 
fBJ7v~  fsijv  "3  K  and 
Tfn^y  "  .  !|37v  ^  ~5  IC  and 

^  Jl  1  V - J 

-‘•MH  '  *Ba7H  rk.ai.iu 

Tb19V  ^  268  K,  then  compute  rain  rate  ov«r  land, 

Else  rain  rate  =  0  mtn/hr. 

Else  if  SSM/I  measunejncnt  is  ovct  the  ocean,  then 

If  -11,7939  -  .02727  Tgrrir  +  09920  T,yw  >  0  K,  then 
compute  rain  rate  ovt  oc^in, 

.Bl.se  rain  rate  ~  0  mm/hr. 

Else  SSM/I  measuremrnt  is  coastal;  flag  as  indeterminate. 

V^ise  tlie  BS  cha^nei;,  are  not  available  then 
fir»7V  ■■  ■  ;V?7H  -2  K  or 

T|9,  .V  <  -2  K,  thijx  flag  as  indet  rminate 

B'»n  if  SSM/I  m*  ^.surenient  is  over  land,  then 

n  r^  r-v  7'd,9v  4  K  and 

+  7b37^)/2  -  (Tonnf  +  Tgj  {)/2  4  *.  and 
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BJ7V  "  Tbipv  *■  K  and 
>  268  IC 

or 

If  Tb22v  "  ‘hir.’  4  K  and 
C^Bw  4*  T^gjy)f2  -  4“  Tbj7h)"^2  >  4  K  and 

"^BSTv”  1'jjj9v  ^  ~6.4  K  and 
'I’b:9v  268  K,  then  t^ompute  r?m  rate  c»ver  land. 

Else  rain  rate  =  0  mm/hr. 

Else  if  SSM/1  measurement  is  over  the  ocean,  ttien 

If -1L7939  -  .02727  Tjorv  +  .09920  T*,™  >  0  K,  then 
compute  rain  rate  over  ocean, 

Else  rain  rate  =  0  mm/hr. 

Else  SSM/I  measureme  t  is  co&ital;  flag  as  indeterminate. 

RECOMMENDED  ALGORITHMS: 

If  a  rainfall  rate  over  land  is  to  be  computed,  then  use 

R  =  exp(3.29716  -  01290  T„,v  4-  .00877  T*,5„)  -  8.0  mm/hr. 

if  a  rainfall  rate  over  the  ocean  ss  to  be  computed,  then  use 

R  =  eAp(3.06231  -  .0056036  +.0029478  Tki5„  -  .0018119 

-  .00750  +  .0097550  Tb^sv)  -  ".0  min/hr. 

Alternatively,  if  the  8.5.5  GHz  channel  data  are  unusable, then  over  land  iy 

R  =  exp(- 17.768^9  -  .09612  Tbj/v  +  .15678  Tgi^v)  -  1.0  mm/hr, 

and  over  the  ocean  use 

R  -  exp(5. 10196  -  .0537:  T^tv  +  .02766  Tb,™  +  .01373  Tbhp/)  -  2.0  inin/hr. 

If  ai»y  of  these  fornuilae  yield  a  rainfall  rate  less  thiui  zero,  then  set  the  rain  rate  equal  to  0 
miii/hr. 
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11.7  APPUCATION  OF  THE  ALTERNATE  ALGORITHM  TROPICA!  CYCLONE 
DATA 


The  suggested  retrieval  formulae  presented  in  Section  1 1 .6  are  applied  to  SSM/I  data  from 
an  overpass  of  Hurricane  Florence  at  00:2  GMl’  on  September  10,  1988. 

Hurricane  Morence  originated  in  a  stagnant  feontal  lone  over  the  south  central  Gulf  of 
Mexico  and  begai.  to  move  northward  and  strengthen  on  Sq)tember  9th.  A  middle-tropo^heric 
bough  to  the  west  interacted  with  the  vortex  to  stimulate  strong  convection  over  the  center  and 
an  area  of  midleveJ  subsidence  and  drying  to  the  west. 


Just  prior  to  the  SSM/I  overpass  (00:01  GMT)  Florence  reached  its  peak  int^sity,  with 
a  minimum  pressure  of  982  rcib  and  maximum  winds  of  35  m/s.  The  low  level  center  was 
located  just  off  of  the  Mississippi  delta.  Thi'  6.7  micron  water  vapor  imagery  from  GOES  (not 
showiii,  indica  xl  asi  itiOux  of  dry  air  Lr.to  the  cir  .ulation  ftom  the  southwest.  As  a  result,  the 
convection  l^difaled  by  the  imagery  of  Figure  H.7  was  weak  and  poorly  organized,  and  had 
been  decDyl*:g  even  before  hmdfdJ. 

FlorPiK'.e’s  disrupted  convection  and  steady  forward  motion  at  6  m/s  kept  rainfall  totals 
rekHve'y  small.  Twenty  four  hour  amounts  along  the  ticack  ranged  from  35  to  105  mm,  and 
similu:  amoi  *s  fell  in  a  secondary  convective  area  over  tire  Florida  panhandle,  well  to  the  east 
of  uie  center.  The  secondary  drtu)a?ion  also  spawned  9  toniauoes,  and  tiie  rains,  although  not 
extraordir'.axy  for  a  tropical  cyclone,  added  to  the  aJrea  iy  swollen  rivers  to  produce  the  worst 
floods  in  ten  year';  on  the  two  Florida  panhandle  rivers.  Damage  in  Louisiana  was  confined  to 
be:  :h  erosion  and  wind  damage  to  tree*;  and  power  lines. 

Tlie  85.5  GHz  horizontal  and  19.35  GHz  vertical  channel  SSM/I  data,  winch  are  utilizt  1 
in  the  altensale  relneval  algorithms,  are  presented  in  Figure  11. 7a  and  b,  respectively.  Warm 
colors  ir.dicaU;  areas  of  high  ?ricrwwave  brightness  ten.peraturc,  whereas  cooler  colors  correspond 
to  areas  of  lower  brighmess  temperature.  Signatures  of  precipitation  are  identified  as  depres.sions 
in  the  85.5  GH?:  hcrizontally-|)Olaii?xd  brightness  temperatures  (Figure  11.7a). 

Over  land  Uie  signal  from  precipitation  is  much  smaller  in  the  19.35  GHz  vertically- 
{xjlarized  channel.  Thi.s  s  par  ’y  due  to  the  fact  that  microwave  scattering  by  raindrops  is  much 
weaker  at  19.35  GHz,  while  the  ab.'iorption/re-cmission  signature  of  lain  does  notcxrntiast  greatly 
with  emission  by  the  land  background.  The  relatively  low  spatial  resolution  of  the  19.35  GHz 
channels  also  a5rilnbutje.s  to  reduced  rain  response.  Howm since  the  ocean  emits  at  a 
relatively  low  brightness  compared  to  emission  by  rain  at  19.35  GHz,  the  19.35  vertica!  channel 
provides  rain  infonimtion  tor  oceanic  rain  retrievals.  The  sntall  band  of  precipitation  about  500 
km  .vtMitheast  of  New  Orleans  is  identified  as  a  region  of  '  icreiLsed  microwave  brightness  in 
jdadort  to  the  5o>v  cjiiissivity  oixum  background  ia  f  igu/v.  ii.'/b. 


T  he  alginrithm  retrievid  n  ’"rdunfai!  ratios  is  Fhtsence  is  presented  in  Figure  11.7c, 

withir  ;i'  .5«d  25  kn.“  of  vht:  a  sst  were  filtered  iujouse  the  radiometor  aieasurenients' 
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in  the  immediate  vicinity  of  the  coast  containetl  signifi  ant  contribution:,  nun  oth  land  ,  J 
Gcivn  backgrounds.  The  rain  retrievals  may  be  compared  o  the  radar-dcrive  ain  ‘es  obUi  ne<l 
from  the  NW^S  WSR-57  station  at  Slidell,  Louisiana  in  Ligiire  11. 7d.  The  lar  onfall  ra>.s 
i  were  corrected  for  range- dependent  biases  using  a  method  suggested  by  Blacr  '14],  Both  ti. ' 
retrieved  and  radar-derived  rain  rate  images  utilize  the  same  color  enhancement.  rple  indicates 
the  1  mm/hr  rain  rate  threshold  level.  The  color  sequence  from  puqde  to  red,  orange,  and 
yellow  correspond  to  1  inm/hr  steps  in  the  rain  rate  threshold.  Regions  whc'e  the  rain  rate 
exceeds  5  mm/hr  are  colored  white.  It  .should  also  be  noted  that  the  SSM/t  estimates  are 
a V  raged  rain  rates  over  625  km^  areas,  whereas  the  radar-derived  values  are  roughly  4  km^ 
av  iges. 

dgure  ll-7c  and  d  indicate  a  good  spatial  correlation  I>etween  SSM/I  retrieved,  cainfali 
rates  and  ’•adar-derived  rain  rates  within  the  observing  range  of  the  radar.  The  retiieval 
algr)rithm  appears  to  overestimate  rain  rates  just  east  of  the  Mississippi  delta,  while  rain  rates  arc 
undcrcstima  'd  in  southwestern  Alabama.  Overall  the  SSM/I  rain  rate  estimates  are  reasonable 
in  comparis*  n  with  the  radar,  if  one  takes  into  account  the  spatial  averaging  effect  of  the 
ladiometer. 

he  SSM/I  rain  rate  estimates  >om  the  current  alternate  algorithm  show  a  much  better 
c^;n-c3p)ondence  to  the  ladar-derived  rain  rates  than  the  previous  "midlatitude"  algorithm  described 
in  Volume  1  of  the  Final  Rep)ort  (see  Figure  1.20c  on  page  1-38).  The  improved  performance 
of  the  current  algorithm  is  attributed  to  the  superior  calibration  of  the  Darwin  and  Kwajalein 
radars,  upon  which  the  algorithm  is  based. 

J  11.8  COMCLUSION 

Evaluations  of  the  D-Matrix  retrieval  algorithm  indicate  tnat  specified  accuracies  for 
derived  rainfall  rates  a'e  not  being  met  over  land  at  midlatitudes.  Improvements  in  the  algorithm 
based  upon  empirical  relationships  to  the  “ground  truth”  data  set  increase  the  accuracy  of 
ctrieved  rainfall  rates  to  within  the  requirement  for  both  land  and  ocean  situations.  Application 
of  the  improved  algorithm  to  tropical  cyclone  data  yields  rainfall  rate  ;stimates  which  ire  in 
reasonable  agreement  with  coastal  radar  data. 
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CLOUD  AMOUNT  VALIDATION 
by 

Geiald  W.  Fdde 
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E^snsoom  AFB,  MA 


12.0  CLOUD  AMOUNT  VALID  TION 
12.1  CIJDUD  AMOLfNl  ALGORmiMS 


The  Hughes  Aircraft  Company  developed  two  algorithms  for  estimating  cloud  amounts 
(percent  cloud  coverage)  from  SSM/I  brightness  temperatures.  One  is  q>plicable  over  land 
backgrounds,  the  other  over  snow.  Hughes  has  not  been  tasked  to  develop  a  cloud  amouiit 
esti  nation  algorithm  for  ocean  backgrounds.  In  the  initial  formulation  of  the  cloud  amount 
a  ^orithms,  it  was  recognized  that  polarization  characteristics  at  85  GHz  (i.e,  vertical  brightness 
temperature  minus  horizontal  brightness  tempt  rature)  should  provide  much  of  the  infonnation. 
Simulated  values  of  85  GHz  polarization  for  a  variety  of  land  and  snow  background  conditions 
for  clear  and  cloudy  cases  were  calculated.  For  a  given  background  condition,  a  smaller  85 
GHz  polarization  v^tie  was  associated  with  a  cloudy  atmosphere  than  with  a  clear  atmosphere 
[1].  It  was  desired  to  retrieve  information  on  the  cloud  coverage  from  the  SSM/I  as  near  as 
possible  to  the  resolution  of  the  aporoximately  45  km  x  45  km  area  used  by  the  Air  Force 
Global  Weather  Central’s  (ArGWC)  ieal-Timt  Nq>hanalysis  (RTNEPH)  automated  global  cloud 
analysis.  So  it  was  decided  to  base  each  individual  estimate  of  cloud  amount  on  a  3  x  3  array 
of  adjacent  85  GHz  samples  with  an  all-ciiannel  scene  at  its  center.  Figure  12. 1  shows  this  array 
of  85  GHz  footprints.  The  array  is  framed  by  a  39  km  (along  scan)  x  41  km  (across  scan) 
rectangle.  One  37  GHz  footprint  is  also  inside  this  rectangle.  Each  85  GHz  foo^jrint  is  14  km 
(along  scan)  x  16  km  (across  scan)  and  the  37  GHz  footprint  is  29  km  (along  scan)  x  36  km 
(across  scan).  Further  analysis  also  indicated  a  cloud  signature  in  the  37  GHz  brightness 
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In  the  final  developmental,  phase  of  the  cloud  amount  algorithms,  for  both  land  and  snow 
backgrounds,  simulated  37  and  85  GHz  (vertical  and  horizontal  polarizations)  brightness 
temperature  values  for  clear  and  overcast  conditions  were  calculated  by  Hughes  Aircraft 
C  impany  [2]  usinj^  the  Air  Force  Geophysics  Laboratory’s  RADTRAN  atmospheric  transmission 
model  [3].  For  snow  backgrounds,  its  dqtth  was  varied  between  4  and  20  cm  in  increments  of 
2  cm.  Su  face  omissivity  for  each  snow  depth  value  was  calculated  using  the  dry  snow  model 
of  Ulaby  and  Stiles  [4],  For  land  backgrounds,  soil  moisture  was  varied  using  values  of  3,  5, 
12,  and  20  percent.  Surface  emissivity  for  each  value  of  soil  moisture  was  calculated  using 
Fresnel  equations  modified  by  the  Choudhury  et  al.  [5]  correction  factor  of  0.6  to  take  into 
account  surface  roughness  effects. 

Interpolat  ,  values  of  37  and  85  GHz  simulated  brightness  temperatures  were  combined 
for  each  of  the  two  surface  bac':grounds,  "ising  a  random  number  generator  to  create  clear  fields 
of  view  (all  nine  P  >  GHz  footprints  cUar  -  0  percent  clotid  covet),  on-  85  GHz  footprint 
overcast  (asty  one  of  the  nine  -  11.1  percent  cloud  cover),  etc.  tltrough  all  nine  85  GHz 
footprints  overcast  (100  percent  cloud  cover).  Regression  coefficients  were  then  calculated  from 
«he  simulation  results  [2],  For  snow  backgrounds,  a  four-stq>  legressio  i  produced  a  percent 
cloud  amount  estimation  equation  that  accounts  for  95.9  percent  of  the  modeled  variance.  An 
error  analysis  of  this  estimation  equation  determined  an  rms  error  of  the  estimated  percent  cloud 
amount  of  3.2  percent.  While  for  land  backgrounds,  a  four  steji  n.’gressicm  productxl  a  percent 
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Area  for  which  a  3in  le  SSM/I  Percent 
Cloud  Amount  Valie  1^  Calculated 


cloud  amount  estimation  equation  that  accounts  for  77.9  percent  of  the  modeled  variance.  An 
error  analysis  of  this  estimation  equation  determined  an  rms  error  of  the  estimated  cloud  amount 
of  7.8  percent. 

The  final  operational  version  of  the  two  cloud  amount  algorithms  devdoped  by  Hughes 
Aircraft  Company  [6^  7]  are; 

CAS  ~  Cq  4-  (CjXTjty)  4"  (C2XT37H)  4-  (c^xSTn^)  4*  (c4xirrg5H)  (12.1) 

where  CAS  is  the  percent  cloud  amoimt  over  snow;  IsTV  and  Tjth  are  the  37  GHz  brightness 
temperatu'.^  -  vertical  and  horizontal  polarizations  respectively;  IH'uv  ^nd  ICTish  are  the  sum 
of  the  nine  85  GHz  brightness  temperatures  -  vmtical  and  horizontal  polarizations  respectively, 
at  an  ali-channel  scene  and  its  eight  surrounding  85  GHz  scenes.  The  coefficients  arc  Cq  — 
-189.5000,  c,  =  -0.9710,  =  0.7400,  Cj  =  -0.1987,  =  0.3678. 

CAL  =  Cq  4  (CixT37h)  4-  (c2x£rfjjy)  -4  (C3x£'rg5j])  (12.2) 


where  CAL  is  the  percent  cloud  amount  over  land.  The  coefficients  for  the  land  equation  an^; 
Co  =  -638.9000,  Cl  =  -1.7050,  =  -0.2868,  C3  =  0.7457. 


Note  that  the  vertically  polarized  37  GHz  brightness  temperature  is  not  used  in  ttie  cloud 
amount  over  land  equation.  This  was  the  finaf  brightness  temperature  in  the  four-step  regression 
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estimation  accuracy  [2]. 


It  is  pos.sible  for  either  of  the  two  cloud  amount  equations  to  produce  rest  is  that  are 
physically  meaningless.  To  account  for  this,  an  "out-of-limits"  flag  is  included  in  both 
algorithms.  Out-of-limits  is  arbitrarily  assigned  to  cloud  amount  estimates  less  than  -20%  and 
greater  than  120%. 


No  cloud  amount  estimates  are  made  for  flooded  or  vegetative  backgrounds.  A  dynamic 
determination  of  one  of  nine  possible  land  types  is  made  for  each  SSM/I  data  point  tagged  as 
having  a  land  background  [1].  Simulations  indicated  tliat  the  SSM/I  would  be  unable  to  detect 
clouds  over  vegetated  land  because  the  high  water  content  provides  the  same  .  ^pe  of  signature 
as  a  cloud.  Flooded  lan  i  is  treated  the  same  as  an  oceanic  background.  Since  lo  SSM/I  cloud 
amount  algorithm  for  water  backgrounds  was  required,  these  scenes  are.  igiio  ed. 

12.2  VAI.IDATION  METHODOI.OGY 


Manual  cloud  cover  estin  ates  were  used  to  validate  the  automated  SSM/I  algorithm 
results.  The  manual  analyses  were  peifori'’ed  on  3  nmi  f^ffsolution  visible  (0.5  to  l.O 
micrometers)  a:--  infrared  (IR,  10  to  13  uiicrometer.':)  ima/,cry  data  obtained  fiom  the 
Operational  Linescan  System  (OLS)  sensor  which  j.s  on  board  the  same  spacecraft  as  the  SSM/I 
llu;  resolution  of  tlie  Cil^  i  considerably  l>cttcr  tl;an  that  of  tiit'  SSM/1.  Therefore,  the  ability 
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of  the  OLS  to  resolve  clouds  within  the  SSM/I  footprints  is  excellerkt.  Since  the  swath  width  of 
the  OIwS  is  twice  that  of  the  SSM/I  and  the  sensors  arc  on  the  same  satellite,  all  SSM/I  cloud 
amounts  will  have  spatialiy  coincident  OLS  cioud  amounts.  However,  there  will  be  a  small 
temporal  differmcc  because  the  sensors  have  different  scan  geometries.  The  OLS  scans  in  a 
straight  line  perpendicular  to  the  satellite  subtrack,  while  the  SSM/I  scans  aft  of  the  satellite  with 
a  constant  angle  of  <15  degrees  between  satellite  nadir  and  the  antenna  beam.  For  a  given  SSM/I 
scan,  the  OL.S  scan  line  that  contains  the  center  point  of  the  SSM/I  scan  will  be  obl;iined  137 
seconds  prior  to  the  SSM/I  scan,  while  the  OLS  scan  line  that  contains  the  endpoints  of  the 
SSM/I  scan  will  be  obtained  87  seconds  prior  to  the  SSM/I  scan . 

The  Air  Force  Interactive  Meteorological  System  (AIMS)  at  the  Geophysics  Laboratory 
(GL)  was  used  as  the  test  bed  for  ihiis  validation  study.  AIMS  is  a  distributed  system  of  mini- 
and  micro-computers  that  was  developed  to  support  research  in  remote  sensing  at  GL, 
Functional  capabilidc^s  include  the  ability  to  receive,  manage,  stttre,  display  and  interact  with 
meteorological  observations,  radar  and  satellite  data.  Two  identical  image  proctissing  work 
stations  are  available  on  the  system.  (See  reference  [8]  for  a  complete  description  of  AIMS.) 
I'o  obtain  cloud  truth  data  sets,  a  formalized  procedure  has  been  developed  that  involves 
interactive  display  and  manipulation  of  the  imagery  on  an  AIMS  image  processing  work  station 
[9].  To  assist  in  image  interpretation,  interactive  image  proces.sir.g  techniques  are  used  to 
provide  geometric  and  radiometric  enhancements  to  the  data  and  to  provide  for  multispectral 
display.  For  example,  an  interactive  piecewise  linear  stretch  algorithm  produces  a  different 
contrast  enhancement  over  a  number  of  selected  brighmess  ranges  in  a  monochrome  (single 
channel)  image  by  modifying  the  response  of  the  display  over  each  range.  An  input  de'rice  rn 
AH.IS  such  as  a  mouse  or  graphics  tablet  is  used  to  select  Interactively  each  brightness  range  and 
control  the  enhancement  slope. 

When  perfonr.ing  a  manual  cloud  analysis  on  OLS  visible  and  infrared  data,  a  number 
of  display  options  are  available.  The  most  useful  is  a  mulbple  image  display  generated  by 
dividing  the  monitor  into  quadrants.  Each  quadrant  can  contain  a  sep  uate  monochrome  or 
multispectral  OIS  image,  each  with  a  different  enhancement.  The  OLS  images  have  not  bcer\ 
remapped;  they  are  displayed  in  their  original  scan  format  to  make  use  of  the  full  resolution  of 
the  data.  The  analyst  selects  an  area-of-interest  on  one  target  image  to  make  a  cloud  Iwundary 
determination,  'this  can  often  be  a  very  small  sub-region  of  the  image.  An  iterative  threshold 
blanking  technique  requires  the  analyst  to  select  an  intensity  level  that  separates  the  clear  and 
cloud  regions  in  the  area  of-interest.  Regions  below  the  threshold  level  are  displayed  as  a  color 
shade  while  the  area  above  is  displayed  as  a  gray  shade.  This  makes  the  boundary  distinct  while 
maintaining  the  detail  below  and  above  the  threshold.  Tlje  analyst  then  interactively  raises  or 
towers  the  threshold  until  the  proper  level  is  obtained.  Tlic  proctidure  is  repeated  until  the  entire 
target  image  has  been  classified.  Two  products  are  generated  from  this  procedure,  the  first  is 
a  grayshad image  that  retains  the  original  image  characteristics  above  tlic  cloud  threshold  and 
is  black  below,  and  the  second  is  a  Irinary  image  that  simply  deliricatcs  tlse  cloud  boundary  from 
deal'  background.  The  first  is  used  during  the  interactive  threshold  blanking  process  for  visual 
comparison  against  reference  images.  The  second  is  used  for  compansrui  with  SSM/I  algorithm 
results.  Software  was  written  to  determine  automatically  the  fioints  in  the  GidJ  binary  cloud 
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truth  digital  imagery  data  base  conespondLng  to  each  area  for  which  a  single  SSM/I  cloud 
amount  value  is  generated.  Th' .  solflware  also  calculates  the  com^sponding  OLS  cloud  amounts 
by  summing  up  the  number  oi  cloudy  OUS  pixels  and  dividing  by  die  total  number  of  OLS 
pixels  within  each  SSM/1  cloud  amount  area. 

12.3  STODY  descriptions 

Four  case  study  scenes  were  selected  for  the  cloud  amount  algorithm  validation  study. 
The  scenes  contain  several  different  cloud  conditions  and  surface  background  types.  For  each 
case,  the  OLS  data  were  first  earth  located  and  a  binary  syntltetic  image  containing  cloud  truth 
information  was  generated  using  the  technique;  describ^  in  the  previous  section;  then  the  SSM/I 
and  OLS  cloud  amounts  were  compared. 

Case  1  ~  Southern  Africa:  SSM/I  and  OLS  data  were  collect^  for  ♦ne  late  afternoon 
DMSP  pass  (satellite  is  descending)  on  14  January  1988  over  the  southern  part  of  Africa. 
Figure  12.2  depicts  the  area  of  coverage.  his  area  includes  dtjsert,  wet  Ismds,  cultivated 
regions,  and  forests.  The  OLS  visible  (Figure  12.3)  arid  infrared  (Figure  12.4)  images  show 
substantial  areas  of  cumulus  clouds.  The  OLS  imagery  data  were  manually  analyzed  using  the 
interactive  techniques  de^ribed  in  the  previous  section  to  cbtaln  a  synthetic,  binary  image  of 
the  cloud  cover  (Figure  12.5).  This  was  compared  to  the  SSM/1  algorithm  results  (Figure  l?.o). 
These  results  will  be  discussed  in  detail  in  S^tion  12.4. 


Ca'«  2  -  Centrai  Urited  state*:  This  s€e.ne  used  the  data,  froin  the  morning  PMS?  na.sH 
on  14  January  i988  ascending  over  the  asntral  U.S.  from  coastal  Gulf  Mexico  up  thro  .gh 
Minnesota  and  tlie  Dakotas  idto  southm  Ouu/da.  The  nofb*em  quarter  of  Uks  image  was  snow 
covered.  The  predominant  cloud  types  were  stratus  and  stratocumu'us.  The  OLS  visible 
imagery  data  were  not  visible  in  the  manual  cloud  truth  analysis  because  of  the  low  light  level 
in  this  scene  during  the  early  morning  tatelUte  crossing  time. 

Case  3  -  Eastern  United  States:  The  data  for  this  case  is  from  ?he  morning  DMSP  pa  s 
on  14  March  1988  ascending  ovesr  the  eastern  tliird  of  the  tT,s.  fiom  Florida  across  fl 
southeask*m  sUdes  up  over  the  Great  Lakes  into  southern  Canada.  Tae  uredominant  clouds  are 
stratum  and  stratocuniuliis  which  are  associated  with  an  iqpper  Itwel  storm  centered  over  southern 
Lake  Huron.  The  northern  part  of  the  .scene  is  snow  covemi  and  is  a;:»pinoximat£jy  10%  of  the 
total  area  of  the  see";*.  'Hie  OL.S  visible  icnagciy  data  were  o4  use  in  the  manual  cloud 

truth  analysis  because  of  light  levels  being  tcio  low  for  a  shaqr  image. 

v^asc  4  -  North  West  South  America;  'Hie  data  for  this  case  were  olilaiiicd  iiom  Uie  santC 
ass  as  Case  3  but  during  an  earlier  rime  frame  vben  tire  asce*  ding  satellite  was  still 
•he.  equator  'rhi.s  scene  amtaiiits  nortfiem  Pem,  Ecuador,  f  'chimbiwi,  and  Cerai  1 
•  Tlie  doniiinatu  cloud  feitare  is  a  raas.stve.  MCX.-  x'Mes'xcale  Con  .  rive  i3omplex)  o  . 
mo^  .  ’  .cuador.  The  mam  types  of  l?iid  surface  art  rain  forests  and  mountain.';. 

For  this  case,  the  ligi'.t  levels  were  high  enough  for  the  OlS  visible  tlata  to  b;  ^sscful  in  the 
manual  cloud  trutl*  'maly.si.s. 
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12,4  CASE  STUDY  RESULTS 

Die  cloud  amoiml  values  calculated  by  the  SSM/I  algorithms  for  the  four  case  study 
scenes  described  iri  Section  123  were  siadstically  compared  to  the  cloud  truth  values  obtained 
from  fric  manual  interactive  computer  analysis  of  OLS  data.  The  results  are  presented  in  fable 
12.1  and  stratified  for  and  snow  backgrotmds  for  each  Tlus  h  dime  lo  assess  ihe 
perforiTumc^j  of  each  of  tiic  two  separate  SSM/I  cloud  ariount  algcnitl'cvkS'  one  for  land 
backgrounds  and  one  for  snow  backgrounds.  Itecall  SSMf  1  doud  amoimts  are  not  calculated 
when  the  Sand  background  is  vegetated  or  flooded.  Also,  theitr.  no  Hughes  SSM/I  cloud 
amount  algoritlim  for  oceanic  backgrounds. 


■^ablc  12.1  contain.';  the  snean,  gtandird  deviatic»n  .about  the  mean,  and  the  larsge 
(miiiinumi  and  maximum)  for  both  the  “sSMA  and  the  icorresponding  JLS  derived  cloud 
amounts.  N  in  this  table  is  ;he  number  of  SSM/I  cloud  any^unts  in  the  allow-ed  range  of  -20  to 
120  percent.  Values  oi!t:::d€  Uiis  range,  are  tagged  as  “ou'.-ol'-limits"  and  are  listed  in  the  last 
column  c "  the  table.  'Fhe  root- mean-square  differences  (rms)  and  the  linear  correlation 
coefficient  (r)  between  the  individual  OL,S  and  SSM/I  cloud  amount  values  are  also  given.  The 


TABLE  12.1 

STATISTICAL  COMPARISON  OF  SSM/I  AND  OLS  TRUTH  CLOUD  AMOUNTS 
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rms  value  is  a  measure  of  the  .onount  of  error  between  the  individual  SSM/I  and  corresponding 
"truth"  OLS  cloud  amount  values.  An  rms  value  oj  zero  would  mean  that  there  is  no  r*ror  (i.e,, 
all  corresponding  SSM/I  and  OI.il  cloud  amounts  are  equal).  The  correlation  cf>e.fiicient  is  a 
measure  of  the  linear  relationship  between  a  set  of  SSM/I  and  OLS  cloud  amount  distributions. 


There  are  no  snow  covered  land  backgrounds  for  Case  1  (Southern  Mca).  Tht  mean 
OLS  and  SSM/I  cloud  amounts  are  close,  but  the  OLS  standard  deviation  is  twice  i  s  laage  as 
that  of  Uie  SSM/I  and  the  maximum  SSM/I  value  is  considerably  smaller  than  that  of  the  OLS. 
The  large  rms  and  n^adve  correlation  coefficient  indicate  that  die  SSM/1  algorithm  has  serious 
deficiencies. 

There  are  both  snow-free  and  snow-covered  land  backgrounds  for  Case  2  (Central  United 
Slates).  For  land  backgrounds,  the  SSM/1  mean  and  standard  deviation  ate  much  smaller  than 
the  OLS  values.  The  maximum  SSM/I  value  is  about  half  that  of  the  OLS.  The  rms  for  land 
backgrounds  is  quite  large  and  the  correlation  coefficient  i.s  close  to  lero,  indicating  the  two 
results  are  uncorrelated.  For  snow  backgrounds,  the  mean  and  standard  deviations  are 
comparable.  However,  the  rms  value  is  large  and  r  is  close  to  zero  wliich  shows  again  there 
is  very  IHvle  relationship  between  the  OLS  and  SSM/I  cloud  amounts. 

Case  3  (Eastern  United  States)  like  Case  2  ha.s  both  snow-free  and  snow-covered  land 
backgrounds.  The  SSM/I  mean  and  standard  deviation  are  much  smaller  than  those  for  the  01^ 
over  land  backgrnnnds  and  the  maximum  SSMT  value  i.*;  about  two-Uiucls  ihat  of  the  OL=s.  Also 
for  land  backgrounds,  the  rms  is  large  and  the  correlation  coefficient  is  close  to  zero.  The 
SSM/I  and  OLS  mean  and  standard  deviation  are  comparable  for  snow  bac»  grounds,  but  the 
minimum  SSM/I  cloud  amount  is  considerably  larger  than  that  of  the  OLS.  Also,  the  rms  value 
is  large  and  the  r  value  is  close  to  zero. 

There  are  no  snow  covered  land  backgrounds  for  C!ase  4  (North  West  South  America). 
The  SSM/I  mean  and  standard  deviation  values  are  nmch  smaller  than  those  for  the  OLS  and  the 
maximum  SSM/I  value  is  two-thirds  that  of  the  OLS.  The  rms  value  is  large  and  the  r  value 
jl:  close  to  zero. 

The  values  of  the  root- mam -square  diffoience  between  he  OLS  and  SSM/I  cloud 
amounts  for  both  land  and  snow  backgrounds  for  all  four  cas  are  large.  Th.is  indicates  that 
the  cloud  amount  estimates  calculated  by  both  SSM/l  algorithms  are  poor.  Ail  the  v^alues  of  the 
linear  correlatiot  coefflcienls  indicate  that  no  significant  linear  relationship  exists  between  the 
SSM/I  and  OLS  cloud  amounts.  For  land  backgrounds,  the  mean  md  maximum  OLS  and  SSM/I 
clo’id  amounts  show  the  SSM/I  values  are  consistently  low  r  than  the  OI^  v^ues.  The  number 
of  cases  flagged  as  out-of-limits  over  land  backgrounds  for  Cas  ::s  2  and  : '  arc  very  large.  The 
significance  of  this  is  addressed  in  Section  12.6. 
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12.5  OTHER  RESULTS 


The  frequeiv  y  distribution  of  SSMyi-dev'vcd  ..-loud  amouni  values  weie  examined  for 
several  orbits.  Ali  the  distributions  were  fou;u  to  have  .similar  c’laracteristics.  Tabic  12.2 
shows  the  distribution  for  revolution  655  which  occun  ed  on  5  August  1987.  The  results  in  the 
table  are  stratified  into  land  and  snow  backgrounds  and  shown  are  the  total  nunibci  of  SSM/I 
cloud  amount  values  calculated  and  ttie  percentage  of  the  totai  number  that  are  within  various 
c  tegories.  For  both  backgrounds,  there  are  few  cloud  amount  values  grater  than  40%  and 
many  cloud  values  tagged  as  "out-of*liniil 

The  37  and  85  GHz  brightness  temperatures  for  all  "out-of-limits'*  cases  for  revolution 
655  were  put  into  the  SSM/I  cloud  amount  equations  to  dettxniiine  die  specific  numerical  values 
generated  by  the  algorithms.  Table  12.3  shows  the  total  number  of  land  background 
"out-of-limits*'  cases  witi!  SSM/'I  cloud  amount  values  within  various  categories.  It  also  shows 
this  information  for  snow  backgrounds.  For  both  backgrounds,  all  the  values  are  negative. 


TABLE  12.2 

SSM/I  CLOUD  AMOUNT  VALUES  (REV.  655  -  5  AUG  1987) 


Type: 

cases 

Land 

29403 

Snow 

3151 

r . ~n 

-  «j% 

SO  '  100%  » 

14 

0 

3 

2 

TABLE  12.3 

OUT  OF  LIMITS  VALUES  (REV.  655  -  5  AUG  1987) 


Surface 

Type: 

Land 

Snow 


Number  of 
cases 

<  -100% 

9651 

61 

2269 

! 

Limits 

33 

72 


-100  to 
50% 

-50  to  -20% 

n 

28 

35 

65 

>  12 
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12. b  Discuss  5  DN 

fn  S.-rtion  r.-  .  4,  a  gvttii  iiio;i<h;'r  of  c’loud  amoiin*;  vajuc,i  over  bjid 

baekgrou-  is  fox  C^>ics  2  and  3  were  no  d.  The  37  and  85  GH;x  brightness  tempeiat;.\res  for 
each  of  these  o^.-cunences,  when  put  into  the  c5oud  anroimt  equation,  produced  a  tiegalivc  loud 
amount  value.  ;n  Section  12.5,  there  were  many  ‘'ojt-of-liriii.i*  cloud  .amnunt  values  over  noth 
larsd  and  snow  backgrounds  during  revolution  655.  Agam  dre  actual  nutn.  rkal  'vah.\e,s  produced 
by  the  SSMv'I  aquations  for  all  these  "out-of-linuts“  occurrencea  were  negative.  Fn:f.m  Equations 
12.1  and  12.2  (iJection  12.1),  negative  valaeji  occur  when  the  85  GHv.  polariTation  values; 
actually  observed  itre  significantly  larger  titan  tho'  predicted  by  th?.  simulations.  McFarland 
110],  in  a  'Similar  study  of  the  SSM/1  a.lgorithm  use  ;  to  determine  si  ecihc  land  surface  types, 
noted  that  he  actual  SSM/I  polarization  values  at  .19  :*!'d  37  GHz  are  oFen  larger  tliait  the 
simulat!.al  values. 


Based  on  the  preflight  simulations  discussed  in  Section  12.1,  the  .accuracy  of  the  S.fM/'I 
algoriticms  were  expected  to  be  good.  However,  the  statistical  comparisons  of  OLS  derived 
"Irath"  cloud  amounts  to  SSM/I  cloud  amounts  for  four  cases  containing  a  var  iety  of  cloud  types 
and  land  backgrounds  (see  Section  12. ‘1)  indicate  that  both  algorithnns  have  no  sl^i  at  estimating 
the  conect  cloud  amount  .  Even  if  the  SSM/’I  algorithms  had  sho’wn  some  sldU  .  their  u.se  would 
have  Jjeerj  limited  because  of  the  large  percentage  of  "out-of-’tinuts“  values  the-y  generate. 


I'he  smaJi  correlation  rocfflcients  for  all  four  ca.ses  indicate  no  mlationship  betvvi.’cn 
SSM/.1  and  OJ  A  cloud  amount  vahjes.  b’!  other  v/o,rds,  rno.sl  of  the  it  uivliiu,d  SMivj/V  cloud 


aj-nount  vaujes  were  either  considerably  laigcr  or  smaller  than  the  anat'.sponding  Ol-S  cliotid 
amount  values.  For  exam  le,  compare  the  OLS  cloud  truth  image  (Figiste  12,5)  to  tik*.  SSM/I 
cloud  amount  image  (Figure  12.6)  over  the  kisd  areas  tor  Case  i  (Southern  Afika).  In  the 
SSM/I  image,  the  black  iepre.sents  "out-of- limits*  values,  the  dark  gray  rq.uesents  values  of  0 
to  40%,  and  the  light  gray  represents  vali!e.s  of  40  to  74%.  Recall  74%  wajj  the  maximum 
SSM/.J  value  for  this  case,  (see  Table  12. 1).  The  cloud  coverage  in  tlie  OLA  clou>t?  tiuth  image 
ranges  from  char  to  overca'iJ;  tnost  of  the  dear  to  partly  cloudy  .aieas  do  not  match  the  dark 
gray  areas  (0  to  40  %  cloud  amounts)  of  the  SSM/T  image;  most  of  the  partly  to  mostly  doudy 
areas  do  not  match  the  light  gray  areas  (40  to  74%  cloud  amounts)  of  ihc  SSM/l  image;  and 
there  are  no  overcast  areas  in  Uic  SSM/l  image. 


Recall  that  loss  of  iHilarization  at  85  Griz  over  land  ar.'d  snow  backgrounds  in  the. 
presence  of  cloud  was  tl’C  basis  of  die  SSM/I  cloud  amount  algorithm.  It  .is  concluded  fron’i  tlse 
preceding  disimssior,  that  there  is  no  discernable  cloud  signature  from  85  GHz  poLmzation 
values  over  land  and  s.now  backgrounds  when  no  distinction  is  marie  l>etween  the  many  different 
types  of  .and  and  snow  surfaces  which  occur  in  nature'.  Several  factor.  prol>ab!y  contribctetl  to 
the  fa  (tun-  of  the  technique,  llte  SSM/i  cloud  amount  algorithm  wslk  bas^  entirely  on  sinmlated 
date.  This  was  necessany  since  no  previous  microwave  .satellite  ser.',so)r  liiad  rnea.su;red  radiation 
at  frequencies  a.s  high  as  the  85  GHz  ehanoel  on  the  SS.M/J,  All  sissiulations  wrjtain  ijdierent 
errors  due  to  an  Inconrplelc  riuxieling  <}.!  the  atmosphere'  and  the  carti.'  'jurfacc.  During  the. 
algorithm  <l„:v:lops.ae/ri.  several  sirsipbrications  were  ma.de.  For  snow  hackgroursds,  ordy  one 
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type  of  cloud  (stratus/stratocumulus),  one  type  of  temperaPjre  profile  (inid-iatitude  winter),  one 
type  of  humidity  profile  (mid-latitude  winter),  and  one  type  of  precipitation  state  (rain-free)  were 
used  in  the  simulation  calculations.  This  was  dso  the  case  for  land  ?^>ackgxounds,  where  the 
cloud  type  was  stratus/stratocumulus,  the  te<aperature  and  humidity  profiles  w^  both 
mid-latitude  summer,  and  the  atmosphere  was  rain-firee.  It  should  be  noted  that  the  stra- 
tus/stratocumulus  cloud  used  for  the  land  and  snow  background  simulations  were  identical.  The 
cloud  byer  was  between  0.5  and  2  km  in  altitude  with  a  1  |uid  water  content  0.  IS  g/m^.  Clouds 
exhibit  a  wide  range  of  liquid  water  contents,  altitudes,  and  thicknesses  which  can  be  quite 
different  from  the  one  set  of  values  used  in  the  simulations.  A  more  complete  set  of  simulations 
containing  a  better  representation  of  atmospheric  temperature  and  humidity  profiles,  cloud 
conditions,  precipitation  states,  and  land  and  snew  surface  types  could  have  produced  more 
realistic  expectations. 

In  order  to  obtain  a  more  complete  quantitative  understanding  of  the  effects  of  different 
typer  of  clouds  over  various  land  backgrounds  on  85  GHz  microwave  radiation,  additional 
simulated  brightness  temperatures  were^  alculated  from  the  Geophysics  Laboratory’s  RADTRAN 
atmospheric  transmission  model  [3].  Table  12.4  contains  the  simulated  85  GHz  values  (in 
degrees  K)  for  tire  horizontal  polarization  (85H)  for  several  clon  i  conditions  and  land  types, 
in  Uiis  set  of  simulations,  the  following  conditions  were  selected  an  kept  constant:  land  surface 
skin  tenrperatxuie  of  290  K,  rain-free,  and  mid-latitude  summer  temperature  and  humidity 
profiles.  Table  12.5  is  similar  to  Table  12.4,  but  contains  the  values  of  the  difference  between 
tiie  85  GHz  brightness  temperatures  for  the  vertical  and  horizontal  polarizations  (85D  =  85V 


TABLE  12.4 

SHdULATED  85H  BRIGHTNESS  TEMPERATURES  (K)  FOR 

V/  VUOUS  CLOUD  AND  LAND  TYPES  UNDER  MID-LATITUDE 

SUMMER  ATMOSPHERIC  CONDITIONS 

Land/ Cloud  Types 

No  cloud 

Stratus/stratocu 

Altostratus 

I 

Cumulus 

wet  soil 

251.0 

267.9 

271.3 

261.6 

dry  soil 

272.8 

278.3 

277.6 

261.6 

light  vcg. 

274.4 

279.1 

278.1 

261.6 

moderate  veg 

284.1 

283.7 

280.9 

261.6 

First  focus  on  the  first  land  t}  pes  listed  in  Tables  12.4  and  12.5.  For  a  given  land 
type,  the  85H  value  is  larger  for  any  of  these  three  cloud  types  compared  to  the  no  cloud 
condition.  An  exception  is  for  the  cumulus  condition,  wher;  for  dry  soil  and  light  vegetation 
s’jrfaces,  the  85H  value  is  smaller  compared  to  I 'at  for  the  no  cloud  ctmdition.  The  total 
'olumnar  liquid  water  content  int  reases  while  the  85  values  decrea  :e  from  left  to  right.  Three 
of  tlie  five  possible  Ri\DTRAN  cloud  modtls  are  included  in  these  tables.  Tse  smallest  and 
largest  columnar  cloud  water  amounts  available  in  Uie  RADTRAN  cl  aid  model.,  are  the  stiatus/ 
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SIMULATED  85D  BRIGHTNESS  TEMPERATURES  (K)  FOR 
VARIOUS  CLOUD  AND  LAND  TYPES  UNDER  MID-LATITUDE 
SUMMER  ATMOSPHERIC  CONCmONS 


Land/Clouri  T^rpes 

No  cloud 

Stratus/stratocu 

Altostratus 

Cumulus  I 

wet  soil 

21.8 

10.4 

6.3 

0.0  1 

dry  soil 

11.3 

5.4 

3.3 

0.0  j 

light  veg. 

8.1 

3.8 

2.4 

0.0 

moderate  veg 

0.0 

0.0 

0.0 

0.0 

. .  ■■""..I  .lit 

stiatocumulus  and  cumulus  clouds,  respectively  and  are  included  in  these  tables.  For  moderate 
(and  greater)  density  vegetation,  85D  values  are  zero  fo'  all  cloud  conditions  because  the 
horizontal  and  vertical  emissivi  '  of  vegetation  are  equai.  'I'his  indicates  that  at  85  GHz  clouds 
are  not  detectable  over  land  covered  with  moderate  or  greater  density  vegetation.  It  is  noted  in 
these  two  tables  that  the  85H  surface  emissivity  values  increase  and  that  the  difference  between 
the  85V  and  85H  surface  emissivities  decrease  from  top  to  bottom.  Thus  for  a  given  cloud 
condition,  the  85H  values  increase  while  the  85D  values  decrease  from  top  to  bottom.  An 
exception  is  for  the  cumulus  cloud  condition  where  the  8SH  values  are  constant  and  the  85D 


values  are  all  zero  no  inaiitRr  what  the  land  type  which  indicates 
completely  masking  the  surface. 


that  the  cumulus  cloud  is 


Another  set  of  RADTRAN  simulations  were  generated  for  the  same  set  of  cloud 
conditions  and  land  types  as  those  presented  in  Tabler  12.4  and  12.5.  However,  in  this  set  of 
simulations,  colder  and  drier  conditions  were  used  -  a  land  surface  ski^  temperature  of  280  K 
and  mid-latitude  winter  temperature  and  huntidity  protiles.  The  K3H  results  are  presented  in 
Table  12.6  and  the  85D  results  are  presented  in  Tabic  12.7.  These  results  arc  similar  to  those 
for  the  mid-latitude  summer  profiles  (I'ables  12.4  and  12.5).  The  main  difference  for  a  given 
cloud  condition  and  land  type  is  that  the  8SH  values  arc  smaller  .  nd  the  85D  values  are  larger 
for  the  winter  simulation  set  compared  to  the  summer.  It  was  al.so  acted  when  the  rain- free 
condition  used  for  the  two  sets  (summer  and  winter)  of  simulations  was  changed  to  light  or 
heavier  intensity  rain  that  all  85D  values  were  zero  for  any  of  these  cloud  types  and  surface 
conditions  indicating  that  )the  lain  completely  masks  the  surface. 


Tables  12.4  -  12.7  iUustiatc  that  clouds  over  land  backgrounds  are  expected  to  have  a 
distinct  effect  on  the  upwelling  85  GHz  microwave  radiation.  However,  the  quantitative  effect 
depends  on  the  land  surface  type,  type  of  cloud  (columnar  liquid  water),  the  presence  or 
absence  of  rain,  and  the  atmospheric  temperature  and  hur  idity  profiles.  For  a  cloud  amount 
algorithm  to  be  feasible,  all  these  factors  would  have  to  be  accounted  for  which  was  not  the  case 
in  the  Hughes  cloud  amount  algorithm.  Climatological  temperature  and  humidity  pro  les  might 
ptevide  sufficient  temperature  and  water  vapor  i?  tbniiation.  If  not  then  perhaps  radiosonde 
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measured  profiles  could  be  used.  'Hie  presence  or  absence  of  rain  can  be  deteimiited  by  us  ng 
the  SSM/I  rain  screening  algorithm  developed  by  the  DOD  SS  vt/I  land  parameters  validation 
team.  Also,  this  team  developed  land  surface  classification  and  soil  moisture  algorithms  which 
produce  reliable  land  surface  type  and  soil  moisture  information  'fhe  85  GHz  FADFRAN 
simulated  values  show  that  the  ability  to  identify  cloud  types  with  85  GHz  SSM/1  data,  even 
when  the  land  surface  type  and  atmospheric  profiles  are  Imown,  docs  not  appear  to  bf  likely 
(except  for  cumulus  covering  the  entire  footprint),  especially  when  cloud  types  are  mixed  and/t  '• 
only  partially  cover  the  footprints.  However,  tlie  maximum  and  range  of  the  85D  values  over 
the  x'arious  cloud  types  for  a  given  land  type  and  temperature  and  moisture  profile  (see  TabJes 
12.5  and  12.7)  are  both  small  compared  to  ft 85D  value  for  the  no  cloud  'xmdition  so  that  the 
maximum  or  average  85D  value  for  all  five  possible  RADTRAN  cloud  types  would  probably 
be  adequate  for  use  in  the  development  of  a  reasonably  accurate  SSM/I  cloud  amount  algorithm. 
An  SSM/I  cloud  amount  algorithm  possibly  is  feasible  over  land  surfaces  that  are  homogeneous, 
except  for  surfaces  covered  witli  moderate  or  greater  density  vegetation.  The  development  of 
a  new  SSM/1  cloud  amouni^  algorithm  using  the  recently  developed  SSM/1  algorithms  for  land 
surface  classification,  soil  moisture,  and  rain  screening  should  be  explored. 


TABLE  12.6 


SIMULATED  85K  BRIGHTNESS  TEMPERATURES  (K)  FOR 
VARIOUS  CLOUD  AND  LAND  TYPES  UNDER  MID-I>ATITUDE 
WINTER  ATMOSPHERIC  CONDITIONS 


■  "  —  '  '  —  -  "  ■ 

Land /Cloud  Types 

No  cloud 

Stratus/stratocu 

Altostratus 

Cumulus 

1  wet  soil 

2i0.0 

243.4 

249.7 

245.8 

I  dry  soil 

251.0 

260.5 

260.6 

245.8 

light  veg. 

254.0 

261.8 

261.5 

245.8 

_ moderate  veg 

272.2 

269.4 

266.3 

245.8 

TABLE  12.7 


SIMULATED  85D  BRIGHTNESS  TEMPERATURES  (K)  FOR 
VARIOUS  CLOUD  AND  LAND  TYPES  UNDER  MII>-LAlTrUDE 
WINTER  ATMOSPHERIC  CONDITIONS 


j  Land/Cloud  Types 

No  cloud 

Stratus/stratocu 

Altostr.  us 

Cumulus 

1  wet  soil 

41.0 

17.1 

10.9 

0.0 

dry  soil 

21.2 

8.9 

5.7 

0.0 

light  veg. 

15.1 

6.4 

4.0 

0.0 

moderate  veg 

0.0 

0.0 

0.0 

0.0  1 

k 
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It  is  expected  for  snow  backgrounds  Uiat  its  wa^-'-r  equivalent  and  type  of  snow  surface 
(di'V,  we!,  stage  of  ripening,  etc.),  type  of  cKund,  j>res<  ice  or  absence  of  precipitation,  and  the 
atmospheric  s'.niperatUft  ami  humidity  pro  will  have  to  be  »x>nsidered  for  the  possible 
development  of  a  cloud  amount  algorithi.  .  A  new  cloud  amount  algorithm  for  snow 
backgrounds  should  be  explored  when  the  DOD  SSM/I  land  parameters  validation  team’s  snow 
t>pc  and  water  eqi.’ivalent  algoritrim  is  perfocled. 

12.7  OTHER  CONSIDEIL\TIONS 


12.7.1 


The  powerful  capability  of  AIMS  to  generate  a  false  color  composite  multispectral  image 
proved  to  be  fruitful  in  regards  to  OLS  and  SSM/I  imagery  data.  11100  are  three  color  guns 
on  AIMS;  red,  green,  and  blue.  The  intensity  of  each  color  gun  is  controlled  by  8  bits. 
Individual  channels  of  a  com^tosite  image  are  simultaneously  dinectr  1  to  oi:e  of  the  three  color 
gun.s.  In  regions  of  the  image  where  the  response  of  each  channel  is  approximaudy  equal;  the 
led,  greea,  and  blue  color  inmnsities  will  be  about  the  same  and  produce  a  shade  of  gray.  In 
other  regions  where  the  spectral  response  of  one  channel  is  different  than  another,  the  image  will 
be  a  distinctive  color  dr  iding  on  the  relative  strength  of  the  signal  at  the  individual 
wavelengths.  A  useful  dis^  .y  over  land  backgrounds  uses  the  OLS  visible  channel,  IR  channel, 
and  SSM/I  horizontally  polarized  85  GHz  channd  to  drive  the  red,  green,  and  blue  guns, 
respectively.  The  resulting  false  color  composite  image  (an  example  is  shown  in  Figure  1.22  in 
Volume  I  of  this  report)  shows  low  altitude  water  clouds  in  nxl  because  r  f  uieir  high  visible 
reflectivity  (large  red  contribution)  and  warm  IR  and  microwave  brightness  if.mperatures  (small 
green  and  blue  contributions);  thick  cirrus  clouds  as  yellow  because  of  iheir  high  visible 
reflectivity  and  cold  IR  brightness  temperatures  (l^tg^  ^  ^d  green  contributions)  but  warm 
microwave  brighmess  temperatures  (small  blue  contribution);  thin  cirrus  clouds  as  green  because 
of  their  cold  IR  brightness  temperatures  (large  green  contribution)  but  weak  visible  reflectivity 
and  warm  micro^^ave  brightness  temperatures  (small  red  and  blue  cx)ntiibutions);  and  strong 
c  .vective  cells  as  white  because  of  their  high  visible  reflectivity  and  cold  IR  and  microwave 
brightness  temperatures  (large  red,  green  and  blue  conbibutions).  'Fhus,  combining  OLS  visible 
and  IR  data  with  SSM/I  brighmess  temperature  data  yields  useful  cloud  type  information.  This 
false  color  composite  technique  also  works  over  ocean  backgrounds  but  the  color/cloud  type 
interpretation  is  not  the  same  as  for  land  because  the  ocean  surface  microwave,  visible,  and  IR 
signatures  are  different. 

12.7.2  Qmxectivfelllisuiis 

it  is  noted  that  well  dcvelopK^  convective  clouds  have  a  distinct  signature  at  85  GHz  over 
land  backgrounds.  The  SS  GHz  brightness  temperatures  are  very  low  under  these  conditions. 
'Hie  ho  loiitaily  polarized  85  GHz  brightness  temperature  image  for  Case  1  (Southern  Africa 
see  Section  12.3)  is  shown  in  Figure  12.7.  In  this  image,  the  brightness  temperatures  decrease 
as  gray  shade.s  go  fwm  dsrk  to  light.  TTie  white  areas  indicate  where  the  coldest  brightness 
temperatiires  are  locakx-  (minimum  brightness  tempeniture  in  tliis  image  is  136  K),  and 
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I  oiup.nis('n  ol  lliis  image  to  (lie  01„S  v  -jihlt'  (I’lgurc  J2.-J)and  IR  (l-igure  12.4)  shov/  that  these 
cold  83  Ctl\7.  hori/,ont;il!y  ()o!ari/.cd  hrighlness  temperatures  arc  within  the  overcast  ermveetive 
regirns.  This  cold  signature  of  well  developed  convective  clouds  at  8.3  GH/.  has  also  been 
oirserved  by  tht*  author  in  several  otlicr  SSM/l  brightness  tcinpcraturc  images  in  v:u  ions  locatirrns 
and  seasons  over  several  different  surface  backgrounds  including  i>ee;ms.  'I’hc  8.5  GIl^ 
iiorizontally  polarized  brightnoss  temperature  for  a  well  developed  convective  cloud  can  be  very 
low.  For  example,  a  value  of  95K  was  observed  for  an  evening  DMSP  pass  over  India  on  28 
June  1987.  The  cold  signature  is  due  to  la  te  raindrops  and  ice  particles  in  the  upper  ptirtions 
of  well  dcveloired  convective  el  uds  which  .scatter  the  upwelling  radiation  emitted  from  the  lower 
portions  of  the  clouds  cut  of  the  J'ISM/rs  field  Oi  view.  ITii.s  was  first  observed  by  Wilheit  [1 1] 
with  a  92  GHz  rad  meter  flowri  o;  an  aircraft. 

12.7..')  Ho  (Ls  ove  Ocean 


The  Os  can  surtace  in  one  al  is  much  more  homogeneous,  and  has  inucii  lower 
microwavf  einissivitv  and  i  uch  greater  mierow'av  polan  ation  than  .and  which  indiciUes  that 
clou<  (as  well  a  otiicr  atinospher  :  p.n'amcters)  should  be  more  easily  di  ;cemable  over  ocean 
compared  tr  hind  in  mii  rowave  ii.iagery  data.  Examination  of  sevt  al  SSM/I  37  and  GHz 
brightness  tctnpcral.ir  images  over  oce  -nic  b  kgrounds  containing  various  cloud  types  (^which 
were  \erified  it),  coincide  '  or  ear-e  .ancident  visib*  an  i  Ih  satellue  data  and  synoptic  data) 
indicated  tl  it  ail  cloud  icgions,  no  matter  what  the  dead  type  (except  for  cirrus),  were  evident. 
As  discuss.- d  above,  the  cloud  signature  is  very  cold  at  83  GHz  for  eonvc  tive  clouds  containing 
large  i.  Jndrops  and  ice  partie  cs.  Other  clouds  have  a  warm  b  ightness  temperature  signature 
at  both  37  a.  1  8.5  G'  lomnnred  to  t.hc  cold  brightness  tcmperatuie  signature  due  to  ttie  low 
cmissivity  ocean  s  rGcv.  and  rel.  uvely  small  atmospheric  attenuation  in  the  absence  of  clouds. 
The  emissivity  of  clouds  at  I  and  85  GHz  is  sigui.  icantly  greater  than  that  of  the  ocean  surface. 
In  the  85  GHz  horizontally  polarized  rightness  temperature  image  shown  in  Figure  12.7,  the 
dark  bands  (warm  brightness  temperature)  over  the  i.cean  in  the  bottom  of  the  image  are  cloudy 
areas  as  can  be  vcrifie.'  by  comparison  with  the  corresponding  OI  S  visible  (Figure  12.3)  and 
IR  (Figure  12.4)  images.  A  'itionally,  it  is  sexin  that  the  85  GHz  brightness  temperature 
polarization  values  (83V  -  851 1)  over  the  occmi  in  cloudy  regions  are  much  smaller  than  those 
for  clear  regions. 


In  order  to  obtain  a  better  '’uantitative  understanding  of  the  effects  of  clouds  over  tx'can 
backgrounds  on  microwave  radiainai,  simuiated  85  GHz  brigntness  temperatures  wen  calculated 
from  the  Geophysics  Laboratory’s  RADTRAN  atmospheric  transmission  nuxlel  13],  I’able  12  S 
contains  the  simulated  85  GHz  brightness  •f'  ■'peraturc  values  (in  degrees  K)  for  the  horizontal 
pialarizatioi!  (8311)  and  the  difference  between  the  vertical  and  horizoafcd  polarizr.tior,.',  (83D  -- 
8.5V  85H)  for  several  cloud  types  (all  availai  -  •  cloud  models  in  PAD'I  RAN)  with  conditirns 

of  ni>  rain  and  light  rain  (5  mm/hr  al  the  si  .aec).  'n  this  set  of  simulations,  the  folkiwing 
condhior.s  were  selected  and  kept  constant  85  GHz  vertical  and  hcriz  iniai  emissivity  values 
typical  for  a  calm  ocean  surbice;  occ.in  surface  temperature  of  29C  X;  ant*  mid-latitude  smmiict 
temperature  and  luiinidity  profiles.  Under  ram  free  cooditioiii,  the  8,5t.l  value.i  when  any  of  the 
cloud  types  is  prc.sent  is  considerably  warmer  than  the  c*oud  t’ce  coni'iiion.  Also,  the  8.5D 
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values  when  'Clouds  ai'e  present  range  fro.*n  0  to  14  K  which  is  much  smaller  than  the  value  for 
the  cloud-free  condition.  The  total  columnar  cloud  liquid  water  value  increases  from  top  to 
bottom  in  the  table.  As  the  cloud  water  increases,  the  85D  value  decreases  indie  iting  that  the 
ocean  surface  emission  and  reflection  of  85  GHz  radiation  is  more  heavily  attenuated  by  the 
atmosphere.  Under  light  rain  conditions,  the  85D  values  are  all  zero,  indicating  that  the  ocean 
surface  is  completely  masked  by  the  atmosphere  at  85  GHz.  This  is  also  true  under  moderate 
and  heavy  rain  conditions  (not  shown  in  the  table). 


TAl^B  12.8 

SIMULATED  85H  AND  85D  BRIGHTNESS  TEMPERATURES  (K)  FOR  SEVERAL 
CLOUD  TYPES  OVER  A  CALM  OCEAN  SURFACE  UNDFJl  MID-LATITUDE 
SUMMER  ATMOSPHERIC  CONDITIONS 


Cloud  Types 

No  Rain 

85H 

No  Rain 

85D 

Light  Rain 
85H 

Light  Rain 

85D 

no  cloud 

238.0 

29.1 

— 

- 

stratus/stratocu 

261.8 

13.8 

270.3 

0  1 

cfmfiic 

267.5 

8  5 

— 

970  1 

0  1 

■ 

nimbostratus 

275.7 

5.7 

270.4 

0  1 

stratocumulus 

275.6 

5.2 

270.4 

0  I 

cumulus 

261.6 

0 

260.8 

0  1 

Table  12.9  shows  the  85H  values  in  degrees  K  calculated  with  RADTRAN  using  various 
atmospheric  temperature  and  humidity  profiles  under  clear  and  cloudy  (stratus/slratocumulus 
cloud  with  no  rain)  condidons  for  calm  and  rough  ocean  surfaces.  TTie  atmospheric  profiles 
become  colder  and  drier  from  top  to  bottom  in  the  table.  For  a  given  atmospheric  profile  over 
a  calm  ocean  urface,  the  85H  brightness  temperature  is  larger  for  cloudy  than  for  clear 
conditions.  Th  >  is  also  true  over  a  rough  ocean  surface,  but  tiie  amount  of  brightness 
temperature  increase  with  cloud  is  approximately  half  that  as  for  the  calm  surface.  Also  for  a 
given  atmospheric  profile  and  cloud  condition,  the  85H  brightness  temperature  is  larger  over  a 
rough  surface  than  a  calm  one.  For  each  surface  and  cloud  condition,  the  85 H  brightness 
temperatures  decrease  and  the  amount  of  incFea.se  of  brightness  temperabire  with  cloud  compared 
to  no  cloud  becomes  greater  as  the  atmosphere  becomes  colder  and  drier. 
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TABLE  12.9 


SIMULATED  85H  BRIGHTNESS  TEMPERATURES  (K)  FOR  CLEAR  VS.  CLOUDY 
UNDER  VARIOUwS  ATMOSPHERIC  CONDITIONS  OVER  CALM  AND 

ROUGH  OCEAN  SURFACES 


Atmos. 

Profiles 

Ocean 

Temps. 

(C.ilm  Sfc.) 
no 

cloud 

(Rough  Sfc.) 
no 

cloud 

(Calm  Sfc.) 
stratus/ 
stratocu 

(Rough 

Sfc.) 

stratus/ 

stratocu 

tropical 

300 

258.2 

271.7 

272.8 

279.6 

mid-lat. 

summer 

290 

238.0 

257.4 

261.8 

271.0 

sub-arctic 

summer 

285 

217.7 

243.2 

250.5 

261.7 

mid-lat. 

winter 

'lOA 

1  rm 

J  -  / 

222.2 

233.2 

248.4 

sub-arctic 

winter 

275 

170.4 

210.9 

220.9 

238.5 

Table  12. 10  rJiows  the  8SD  values  in  degree^s  K  calculated  with  RADTRAN  for  the  same 
conditions  as  those  for  the  8SH  values  shown  in  T^le  12.9.  For  a  given  atmo^heric  profile 
over  a  calm  ocean  surface,  the  85D  value  is  smaller  for  cloudy  thr  i  for  clear  conditions.  This 
is  also  the  case  over  a  rough  ocean  surface,  but  the  amount  of  decrease  of  the  85D  valur^  with 
cloud  is  approximately  half  that  as  for  the  calm  ocean.  Also  for  a  given  atmosphe.ic  profile  and 
cloud  condition,  the  85D  value  is  larger  over  a  calm  surface  than  over  a  rough  surface.  The 
85D  values  increase  for  a  given  surface  and  cloud  ccmdition  and  the  amount  of  decre*  e  of  8SD 
with  cloud  compared  to  no  cloud  becomes  greato-  as  the  atmosphere  becomes  colder ;  ad  drier. 

The  simulated  85  GHz  RADTRAN  values  given  in  Tables  12.8  -  12. 10  indicate  that 
clouds  have  a  distinct  effect  on  the  upwelling  85  GHz  microwave  radiation  at  the  top  of  the 
atmosphere  over  oceanic  backgrounds.  The  amount  of  colunmar  liquid  water  (type  of  cloud)  has 
an  in:^x)rtant  influence  on  the  85  GHz  brightness  temperatures.  Otter  important  factors  are  the 
degree  of  rougimess  of  the  ocean  surface,  columnar  water  vapor  (moisiure  and  te  nperature 
profiles),  and  the  presence  or  absence  of  rain.  Other  members  of  the  DOD  SSM/I  geophysical 
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TABLE  12. 10 

SIMULATED  85D  BRIGHTNESS  TEMPERATURES  (K)  FOR  CLEAR  VS.  CLOUDY 
UNDER  VARIOUS  ATMOSPHERIC  CONDmONS  OVER  CALM  AND  | 

ROUGH  OCEAN  SURFACES  | 

Atmos. 

Profiles 

Ocean 

Temps. 

(Calm  Sfc.) 
no 

cloud 

(Rough  Sfc) 
no 

cloud 

(Calm  Sfc.) 
stratus/ 
stratocu 

(Rough  Sfc)  1 
stratus/  0 
stratocu  || 

tropical 

300 

20.3 

12.4 

10.2 

6.2  1 

mid-lat. 

summer 

290 

29.1 

17.8 

13.8 

8.5 

sub-arctic 

summer 

285 

38.2 

23.4 

16.9 

10.4 

mid-lat. 

winter 

280 

54.6 

33.3 

22.9 

14.0 

sub-arctic 

winfrr 

■  - 

275 

60,8 

1 

37.2 

-  -  . . 

26.4 

1 

— . 

16.2 

« 

V. . .  ■ 

parameter  algorithm  validation  team  have  shown  that  these  atmospheric  and  surface  conditions 
can  be  determined  from  the  SSM/I  data  since  they  have  developed  SSM/X  algorithms  for  ocean 
backgrounds  which  calculate  columnar  cloud  liquid  water  and  water  vapcr,  ocean  surface  wind 
speed  (which  is  related  to  the  surface  roughness),  and  surface  rain  rates.  Therefore,  an  accurate 
SSM/I  cloud  amount  algorithm  for  ocean  backgrounds  is  plausil  e.  Recall  that  Hughes  Aircraft 
Company  has  not  been  tasked  io  devdop  one.  However,  Rubinstein  1^12],  a  member  of  the  sea 
ice  validation  team,  recently  developed  an  SSM/I  cloud  amount  algorithm  as  a  spin-off  of  her 
work.  The  accuracy  of  this  algorithm  requires  validation.  It  is  important  to  note  that  cirrus 
clouds  are  transparent  at  SSM/I  frequencies  r>ver  all  backgrounds  and  so  any  SSM./I  cloud 
amount  algorithm  will  lack  cloud  coverage  information  in  areas  containing  only  cirrus  type 
clouds. 


12.7.4 


The  RTNBPH  cloud  analysis  done  at  AFGWC  uses  conventional  ground-based  cloud 
observations,  and  OLS  IR  and  visible  satellite  data.  The  RTNEPH  produces  operational  global 
estimates  of  cloud  cover,  altitude,  and  type.  (See  Keiss  and  Cox  [14]  for  a  complete  description 
of  RTNEPH.)  7  here  is  good  potential  to  improve  the  RTNEPH  analysis  by  incorporation  of 
new  algorithms  which  use  SSM/I  data  by  itself  and  also  in  conjunction  with  other  types  of  data. 
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If  the  development  and  validation  of  new  SSM/I  cloud  amount  algorithms  over  some 
types  of  land,  snow,  an  1  ocean  surfaces  is  successful,  then  these  doud  amounts  should  be 
examined  to  determine  if  they  are  more  accurate  under  certain  or  all  situations  than  the 
RTNEPH  cloud  values  determined  ^  "im  conventional  observations,  and  IR  and  visible  satellite 
data.  For  instance,  there  are  few  conventional  cloud  observations  over  the  ocean  and  imder 
certain  common  oceanic  conditions  it  is  difficult  to  detect  clouds  with  IR  satellite  data  and  if  it 
is  night  time  then  no  visible  satellite  data  are  available.  An  example  is  that  often  ir.  the  IR  there 
is  little  contrast  between  stratocumulus  clouds  in  the  marine  boundary  layer  and  the  ocean 
background  in  the  presence  of  the  commonly  occurring  temperature  inversion  in  this  iayer. 

The  extraction  of  cloud  type  i  iformation  available  from  false  color  composite  OLS  and 
SS?  71  images  described  in  Section  12.7.1  probably  could  be  automated  and  incorporated  into 
the  RTNE'^H  analysis.  If  this  can  be  done,  then  improvement  to  the  cloud  type  portion  of  the 
R1  'lEPH  analysis  would  probably  re.sult. 

Combined  use  of  SSM/I  microwave  data  witli  OLS  IR  data  for  determination  of  cloud 
amounts  over  land  backgrounds  is  promismg.  Savage  et  al.  [13]  have  found  that  the  expected 
surface  IR  brightness  temperature  for  clear  conditions  over  vegetated  land  backgrounds  can  be 
predicted  from  SSM/I  brightness  temperatures  with  sufficient  accuracy  (rms  of  2.5  K)  to  be  used 
as  input  for  a  cloud  analysis.  The  observed  IR  values  are  compared  to  the  expected  IR  to 
estimate  cloud.  Observed  IR  values  less  than  the  expected  IR  indicate  cloud.  T  c  regression 
equation  used  to  estimate  an  expected  surface  iR  value  for  clear  conditions  was  dp'/eloped  from 
an  analysis  of  observed  IR  values  in  clear  areas,  vising  the  SSM/I  19  and  22  GHz  channels  as 
predictors.  The  two  lowest  frequency  SSM/I  channels  were  used  since  most  clouds  are 
transparent  at  these  frequencies.  T^is  method  of  comparing  observed  IR  values  to  the  expected 
surface  IR  temperature  to  estimate  cloud  is  comparable  to  the  technique  presently  used  by  the 
RTNEPH  cloud  analysis  model  at  AFGWC.  However  .ft  RTNEPH  estimates  the  expected  IR 
temperature  from  surface  air  temperature  reports  for  comparison  to  the  observed  OLS  IR 
temperatures.  The  technique  based  entirely  on  satellite  di'ta  is  potentially  more  accurate  because 
there  is  error  resulting  from  estimating  IR  background  temperatures  from  the  surface  temperature 
report  which  is  a  shelter  air  temperaturr  (several  feet  above  ground  level).  Another  advantage 
of  the  all-satellite  technique  is  that  it  requires  less  data  pi  CK'cssing  and  produces  more  timely 
results.  It  is  also  noted  that  the  SSM/I  land  parameter  valide  tion  team  has  developed  algorithms 
for  the  determination  of  surface  .skin  temperatares  for  several  land  types  in  addition  to  vegetated 
land  which  should  be  useful  for  estimation  of  JR  background  temperatures. 

The  all-satellite  technique  is  expected  to  be  successful  ever  all  surfaces  whose  microwave 
emissivity  is  high  and  relatively  constant.  Vegetated  land,  as  well  as  desert,  have  tht  « 
ennssivity  •  aracteristics.  However,  snow,  glacial,  and  ocejin  surfaces  have  low  emissivities 
(high  reflectivities).  Savage  et  al.  [13]  found  that  IR  brightness  temperatures  for  clear  conditions 
could  not  be  accurately  estimated  from  SSM/I  obseivation.s  over  snow-covered  land  backgrounds 
because  of  the  physical  prop  cities  of  snow.  However,  they  found  that  an  approach  (differing 
from  the  algorithm  GL  validated)  based  entirely  on  SSM/I  observations  for  recognition  of  clouds 
over  snow  showed  gooiJ  promise.  They  resolved  a  set  of  SSM/I  data  which  was  stratified  into 


cloud"  and  clear  ’.roups,  into  eigai functions  and  then  formed  a  discriminant  funetion.  Only  a 
few  oi  the  largest  Jirenminant  scores  of  the  cloudy  group  overlapped  with  a  few  of  the  smallest 
discriminant  scores  of  the  clear  group.  Thus,  the  two  grouns  were  quite  well  distinguished. 

The  SSM/I  is  good  at  snow  and  ice  cover  detection  because  of  the  strong  microwave 
signatures  of  these  surfaces.  Use  of  this  timely  and  accurate  information  in  the  RTNEPH  cloud 
a  alysis  would  improve  it.  The  RTNEVIl  satellite  data  processor  consists  of  wo  parts  -  one  for 
OLS  visible  data  and  one  /or  OLS  IR  data.  The  visible  d.*ta  processor  is  not  allowed  to  make 
a  cloud  amount  calculation  over  grid  j>oints  where  snow  or  ice  cover  is  believed  to  be  present. 
This  is  because  cloud-tiree  snow  and  ice  covered  areas  have  sqtproximately  the  same  brightness 
as  clouds.  The  snow-cove’’  data  base  is  of  particular  concern.  It  is  based  an  surface  iqports  and 
climatology  and  may  not  represent  the  true  snow  cover  condition  over  mai^y  gridpoints, 
especially  in  sparsely  populated  regions  where  the  surface  weather  observing  stations  are  far 
«q)art.  If  snow  or  ice  is  actually  present  v'hen  RTNEP’I  believes  it  not  to  be,  then  the  visible 
data  processor  will  be  used  and  RTNEPH’s  estimates  of  cloud  amounts  will  probably  be  too 
large.  On  the  other  hand,  if  snow  or  ice  is  really  absent  when  RTNEPH  believes  it  to  be 
present,  then  the  IR  satellite  processor  will  be  used  and  low  clouds,  that  are  easily  found  by  the 
visible  processor,  may  be  jjjorly  analyzed. 

12.8  CONCLUSIONS 


The  present  Hughes  SSM/I  cloud  amount  algorithms  over  land  and  sno  v  backgrounds 
do  not  work  because  the  variability  of  the  land  and  snow  surface  types,  cloud  types,  and 
atmospiicnc  tcriiperatuj’c  and  huinidity  profiles,  aitd  ihe  picscf:ce  or  absence  of  rain  were  not  all 
taken  into  account.  An  SSM/I  cloud  amount  algorithm  possibly  is  feasible  over  land  surfaces 
that  are  homogeneous,  except  for  surfaces  covered  with  moderate  oi  greater  density  vegetation. 
The  development  of  a  new  SSM/1  cloud  amount  algorithm  using  climatological  temperature  and 
humidity  profiles  and  the  recently  developed  SSM/I  algorithms  for  land  surface  classification, 
st)ii  moisture,  and  rain  screening  should  be  explored.  Also,  a  new  cloud  amount  algorithm  for 
snow  backgrounds  should  be  explored  when  the  DOD  SSM/I  land  parameters  validation  team’s 
snow  type  and  water  equivalent  algorithm  is  perfected. 


Hughes  Aircraft  Company  has  not  been  tasked  to  develop  an  SSM/I  cloud  amount 
algorithm  over  ocean  backgrounds.  Investigation  to  date  indicates  an  accurate  algorithm  over 
ocean  is  plausible.  In  fact,  an  algorithm  has  Terentiy  been  developed  but  requires  validation. 
It  is  important  to  note  that  cirrus  clouds  are  transparent  at  SSM/I  frequencies  over  ocean  and  all 
other  backgrounds  and  so  any  SSM/I  cloud  amount  algorithm  will  lack  cloud  coverage 
infomiation  in  areas  containing  only  cirrus  type  clouds. 


SSM/I  data  combined  with  other  types  of  data  ant!  several  SSM/I  geophysical  parameter 
algorithms  offer  the  opportunity  for  improvement  to  the  Air  Force’s  RTI'fEPH  operational  global 
cloud  a.ialysis.  Cloud  amount  estimates  from  potential  SSM/I  algorithins  might  provo  u>  be 
more  dcxurate  in  certain  situations  th;  n  those  obtained  from  OLS  data  by  the  RTNEPH.  The 
e.xtraction  of  cloud  type  iformation  a  mailable  in  color  composiic  SSM/1  ird  OLS  (visible  and 
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IR)  irnagoy  pi'obably  cxmld  be  automated  a''d  inct^rporated  into  the  RTNEPP  analysis.  Other 
promising  SSM/f  contributions  to  the  RTNI  H  include  improvements  to  its  sn  >w  and  ice  cover 
data  base  and  more  ao^icate  and  timel  '  estimation  of  expected  IR  temperatures  for  cle  r 
conditions  over  vegetated  land,  moist  soils,  desert,  and  arable  land. 
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A.l  INTROlMJC'’riON 

llie  pnxxss  of  geolocating  SSM/I  pixels  was  invcsrigated  and  described  in  detail  by  Gene 
A  Pcc  and  Robert  W.  Conway  in  Section  6.0,  Volume  1  of  this  rqiort  and  also  in  [1].  In  brief 
tlicy  found  geoloeation  errors  of  tiie  order  of  20  to  30  km  and  discovered  that  approximately  one 
half  of  this  error  was  due  to  the  use  of  a  sev  ai-day  predictive  ephemcris  in  data  processing  at 
Fleet  Numerical  Cteeanographic  Center  (FNOC'  ThLs  variable  error  was  removed  when  the 
satellite  ephemeris,  contained  in  the  down-link  c.tta  stream,  was  used  in  place  of  the  predictive 
ephemeris  in  the  data  processing  bcgiiming  with  revolution  10048  on  May  31,  1989.  Due  to 
system  testing  the  predictive,  ephemeris  was  used  for  short  f>criods  of  time  until  revolution  10647 
July  12,  1989.  Poe  and  Conway  found  indications  that  the  remaining  error  of  about  +/-  13  km 
could  be  reduced  to  within  speciiicatiou  of  +/-  7 1cm  by  the  use  of  a  constant  or  slowly  varying 
and  predictable  adjustment  to  the  apparent  spin  zxis  of  the  SllM/I  in  the  geolocation  .software. 
This  does  not  'iCcessarily  mean  that  tlie  SSM/I  axis  is  misaligned  with  respert  to  the  spacecraft, 
but  only  that  it  is  possible  to  compensate  by  this  means  for  jome  oUier  error  or  crrois  m  the 
overall  system.  They  concluded  that  indications  were  that  spacecraft  attitude  biases  were  not 
the  main  contributor  to  the  remaining  error. 

Their  initial  work  to  determine  the  software  adjustment  to  the  spin  axis  was  hampered 
by  the  difficulty  in  obtaining  the  spacecraft  ephemeris.  matching  it  to  the  corresponding  SSM/I 
data  and  then  recalculating  the  geolocation.  It  was  naceisary  to  wait  until  the  satellite  ephemeris 
was  used  in  nnerational  data  omcessine  at  FNOC  m  order  that  a  sufficientlv  larec  number  of 
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cases  could  be  examined  to  ensure  that  the  residual  error  was  indeed  constant  and  could  be 
removed.  This  has  now  been  done  and  a  constant  software  correction  to  the  apparent  spin  axis 
has  been  determined  which  reduces  the  geoloeation  error  to  less  than  the  DMSP  SSM/I 
geolocation  accuracy  specification  of  -f/-  7  km.  The  procedure,  data  selection  arid  results  arc 
de.scabed  in  the  following  sections. 

A.2  PKOCFXIURE 

The  accuracy  of  the  SSM/I  geoloeation  was  determined  by  a  visual  comparison  of  SSM/I 
85  Ghz  horizontally  polarized  brightness  temperature  (85H)  images  with  sujierimposed  World 
DaU:  Banks  11  (WDB2)  coastlines  on  a  col  »r  monitor.  Incremental  pitch,  roll  and  yaw 
:;orTectioas  were  estimated  by  trial  and  error  and  the  SSM/I  image  geoloeation  repeated  until  the 
SSM/I  and  WDB2  coastlines  coincided.  The  WDB2  coastlines  are  believed  to  be  accurate  to 
lietter  than  I  km  over  90%  of  all  identiftal  e  shoreline  features  and  introduced  no  significant 
e  Tor  in  the  comparison.  The  85H  has  a  rcsomtion  of  13  km  and  is  sampled  each  12.5  km  along 
scar.  Successive  ?cans  are  separated  by  12.5  km.  Interpolatiori  of  these  data  using  (he 
procedure  developed  by  Poe  [2J  produced  an  additional  three  equally  spaced  samples  between 
each  original  pr-ir  in  the  scan  direction  and  an  additional  three  scans  between  successive  scans; 
a  sixteen  /old  increase  in  data  density.  The  regio  j  selected  wem:  20  degree  by  20  degree  boxes. 
ITiis  resulted  in  a  pixel  separation  on  the  monitor  of  the  geoiocated  85H  image  varying  from 
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al>out  4,2  km  at  UiC  equator  to  about  2.8  km  at  high  latitudes.  The  WDB2  coastline  was  one 
pixel  wide  on  the  monitor.  It  was  generally  p.»ssib'.e  to  obtain  agreement  l>ctween  the  8.SH  and 
WDH2  coastlines  to  »nc  pixel  or  about  3  to  4  km.  The  use  of  higher  resolution  on  the  monitor 
would  not  have  improved  this  precision  significantly. 

The  85H  was  chosen  because  it  has  the  highest  spatial  resolution  of  any  of  the  channels 
and  a  high  brightness  temperature  contrast  between  land/watcr  b£)undarics.  This  contrast  varied 
between  about  50  and  100  K  depending  upon  atmospheric  conditions.  Only  images  containing 
clear  sharp  land/watcr  boundaries  not  obscured  by  heavy  clouds  or  rain  were  selected.  Tlie 
RMS  noise  output  of  tlie  85H  was  generally  less  than  1  K  as  shown  in  Figure  A.  1  untit  about 
February  1990  when  it  began  increasing.  It  increased  to  as  much  as  10  K  before  failing  mtirely 
in  February  1991.  Images  with  RMS  noise  up  to  5  K  were  used  resulting  in  a  land/buundary 
signal-to-noisc  of  from  10  to  100.  Thus  it  was  readily  possible  to  locate  the  coastline  in  the  85H 
image  to  one  fourth  of  a  half  power  beam-width  or  about  one  pixel  as  stated  above. 
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Figure  A.  1  SSM/I  Delta  T  Noise 
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Hughc,s  Aircraft  Company  measured  the  antenna  beam  positiu.is  relative  U*  bore  sight  ha 
all  <M:vcn  channels  prior  to  launch  on  DMSP  F-K.  All  channels  were  within  0.03  degrees  the 
R.Sfl  except  the  37H  which  was  displaced  by  0.07  degrees.  3Tiis  would  result  in  nMalive  shift 
of  Uic  two  beams  of  about  2  km  at  the  earth’s  surface.  The  co-registrat.on  was  checked  by 
overlaying  the  85H  and  «*ach  of  the  other  channel  images.  They  were  aligned  to  wiUiin  better 
than  3  knt;  the  accuracy  of  the  measurement. 

The  algorithm  used  to  gcolocatc  the  85H  data  with  different  pitch,  roll  and  yaw  olTsets 
of  the  spin  axis  is  fiilly  described  in  Volume  I  of  this  report  and  in  [1].  The  computations  used 
the  satellite  ephcmcris  position  vectors  stored  approximately  each  minute  in  the  TDR  archival 
tapes  produced  at  FNOC.  These  computations  would  normally  not  introduce  significant  error. 
However  when  the  satellite  ephemeris  was  incorporated  into  the  SSM/I  processing  at  FNOC  the 
ephemeris  time  was  truncated  to  integer  seconds.  This  error  was  not  corrected  until  revolution 
17057  on  October  9,  1990.  The  error  was  minimized  by  adding  one  half  second  to  the  truncated 
time  resf  ’ting  in  an  error  of  up  to  one  half  second  in  the  geolocation  computations.  Since  this 
is  a  tin  rror  it  prin'.arily  affects  the  intrack  position  '•nd  closely  resembles  a  pitch  error.  A 
half  second  timing  error  is  equivalent  to  a  3.3  km  posii.on  error  or  about  a  tenth  of  a  degree 
pitch  error. 

Consideration  of  the  above  sources  of  error  indicates  that  tlte  geolocation  procedure  used 
here  to  obtain  pitch,  roll  and  yaw  corrections  for  a  softwaii:  i^ignment  of  tlie  apparent  SSM/l 
spin  axis  to  correct  geolocation  errors  is  accurate  to  better  than  6  km.  This  is  consistent  with 
the  geolocation  accuracy  specification  of  +/-  7  km. 

A.3  DATA  SELECTION 

The  images  for  coast  line  comparison  were  selected  to  allow  possible  systematic 
variations  due  to  the  time  of  year,  sun  angle,  latitude,  longitude  and  ascending/descending  orbits 
to  be  examined.  This  requires  data  covering  a  range  of  more  than  5000  orbits.  In  order  to  use 
only  data  processed  with  the  satellite  ephemeris  only  data  from  revolutions  following  number 
10048  were  selected.  The  noise  of  the  85H  channel  was  below  1  K  unti!  about  revolution  13500 
on  January  30,  1990  after  which  it  be^an  increasing,  sec  Figure  A.l.  Therefore  it  was 
necessary  to  use  some  images  with  noise  as  large  as  5  K.  Data  from  203  orbits  during  Uie 
period  June  2,  1989,  revolution  10070,  to  July  29,  1990,  revolution  16036,  were  used  for 
coastline  compai  sons.  The  center  latitude  and  longitude  of  the  20  degiee  by  20  degree  regions, 
the  number  of  ascending  and  descending  rvvolutioni,  the  pitch,  roll  and  yaw  corrections  which 
eliiuinate  the  geolocation  error  and  the  Julian  dates  of  the  images  are  given  in  Tabk  .A.l.  The 
distiibution  of  the  data  as  a  function  of  the  day  of  year,  center  latitude  and  center  longitude  is 
given  in  Figures  A. 2,  A.3  and  A.4  respectively.  The  sun  angle  for  revolutions  lOOOO  through 
16000  IS  shown  in  Figure  A. 5. 
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Figure  A.  2  Julian  Day  Distribution  of 
SSM/I  Geolocation  Data 
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Figure  A. 3  Latitude  Distribution  of  SSM/I 
Geolocation  Data 
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Figure  A.4  Longitude  Distribution  of 
SSM/I  Geolocation  Data 
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Figure  A. 5  Sun  Angle  Variation  For 
SSM/I  Geolocalion  Data 


A.4  RESUI.TS 


JTie  pitch,  roll  and  yaw  correctiuns  which  eliminate  the  geolocation  error  arc  shown  as 
a  function  of  revolution  number  for  all  203  cases  in  Figures  A. 6,  A.7  and  A.8  respectively. 
There  is  almost  no  variation  in  the  value  of  the  roll  or  yaw  correction.  Tlie  pitch  correction 
shows  a  greater  wiation  tls.j''  cithear  the  roll  or  yaw  with  a  sl^dard  deviation  of  0.  U  degrees. 
This  is  not  .surprising  since  tinung  errors  result  in  geolocation  errors  very  similar  to  those  caused 
by  pitch  ersors.  A  timing  error  of  1  second  produces  a  6.6  Jar.  iatiack  geolocation  error  which 
is  loughly  the  same  as  a  0. 18  degree  pitch  error.  Thus  the  0, 1 1  decree  pitch  error  resembles 
a  0.6  second  timing  error.  As  mentioned  earlier  the  buncation  of  the  ephemeris  time  for  all  of 
the  data  used  here  results  in  timing  errors  of  up  to  0.5  seconds.  There  i.s  just  a  hint  that  tie 
pitch  error  may  be  sligtihy  larger  (more  po.sitive)  at  larger  sun  angles  when  the  sensor  is  warmer 
but  no  sun  angle  dependent  cotTectioni  is  necessary  or  justifiable,  llhe  pitch  correction  is  also 


indqiendent  of  latitude  and  longitude  and  is  the  same  for  ascending  and  descending  passes  as  is 
shown  in  Figures  A.9  through  A.  12.  Thus  a  constant  correction  is  possible. 
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Figure  A.6  SSM/I  Geolocation  Pitch  Figure  A.7  SSM/i  Geolocation  Roll 

Correction  Correcdon 


Figure  A.8  SSM.T  Geolocation  yaw  Figure  A.9  SSM/I  Geolocation  Pitch 

Correction  Correction  as  a  Function  of  Latitude 


The  pitchv  roll  and  yaw  correction  to  the  apparent  SSM/1  spin  axis  which  brings  the 
SSM/I  geolocation  within  the  specincadon  of  +/-  7  km  is: 

Pitch  -  -0.21  d^rees 
Roll  = -0.10  degrees 
Yaw  =  +0.70  d^rees. 

lire  sign  of  these  coefTicients  is  according  to  the  DMSP  convendon  which  is  shown  in  Figure 
A.  13.  The  geolocation  si^ift  impo.  od  by  this  realignment  as  a  function  of  scan  angle  is  shown 
in  Figure  A.14.  In  the  figure  the  positive  cross  track  direction  is  to  the  port  side  and  the 
positive  in  track  direction  is  ait  of  die  s^p^toecra^.  The  bottom  curve  is  the  scan  track  with  no 
correcUon  and  the  curve  displaced  towards  the  upper  left  is  the  shifted  scan  track  resulting  from 
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Figure  A.  10  SSM/I  Geolocation  Pitch  Figure  A.  1 1  SSM/I  Geolocation  Pitch 

Correction  as  a  Function  of  Longitude  Correction  for  Ascending  Revolutions 


Figure  A.  12  Si  Vl/I  Geolocation  Pitch 

Correction  For  descending  Revolutions  Figure  A.  13  DMSP  Reference  Axes 


tlie  above  correction.  The  i  agnitude  of  the  gcolocation  shift  in  both  the  cross  trade  and  in  track 
direction  is  given  in  Figure  A.  15  as  a  function  of  scan  angle.  Note  that  the  total  geolocation 
shiR  ranges  from  about  8  to  IS  km.  llie  change  in  incidence  angle  resulting  from  the 
realignment  of  the  spin  axis  as  a  function  of  scan  angle  is  given  in  Figure  A.  16.  The 
calculations  ;  I'i^ure  A.  14  through  A.  16  are  with  resp«:l  to  a  spherical  earth.  They  will  dtange 
sliglttiy  in  di  ^ail  with  latitude  for  an  oblate  ^eroidal  earth  model  and  with  the  rotation  of  the 
argutiient  of  perigee  of  the  slightly  elliptical  F-8  orbit.  In  order  to  determine  the  magnitude  of 
the  incidence  angle  variation  for  an  oblate  ^heroid  model  of  the  earth  and  the  extremes  of  the 
elliptical  orbit,  calculations  were  made  for  revolutions  15106  and  15563  for  which  the  argument 
of  perigee  is  90  and  0  degrees  reflectively.  The  maximum  change  of  incidence  angle  during 
a  single  scan  was  0-30  degrees.  The  maximum  incidence  angle  variation  over  die  two  Dibits  was 
0.88  degrees.  It  should  be  noted  that  a  chauge  of  C  '/2  d^rees  results  for  these  same  orbitc  for 
a  zero  pitch,  roll  and  yaw  correction.  The  primary  cause  of  the  incidence  in^e  variation,  for 
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Figi:re  A.  14  SSM/1  Geolocaticm  Shift  Due  to  Spin  Axis  Realignment 


Figure  A.  15  SSM/I  Geolocation  Sliift  In  a>d  Orthogonal  to  Sc;  n  Direction 


this  alignment  correction,  is  th<  ariatitm  of  spacecraft  altitude  which  ranged  from  837  to  885 
km  over  these  orbits.  Incidence  angle  variations  of  +/-  0.5  degrees  can  result  in  brightness 
temperature  changes  of  -f /-  1  K  or  more  and  refined  environmental  retrieval  algorithms  must 
take  the  actual  incidence  angle  at  each  scan  position  into  account. 
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Figure  A.  16  SSM/I  Incidence  Angle  Change  Due  to  Spin  Axis  Realignment 


It  is  possible  to  geolocate  any  of  the  archived  FNOC  processed  F-8  5JSM/I  data  to  an 
accuracy  of  +/-  7  km  using  the  above  spin  axis  correction.  For  those  data  prior  to  July  12, 
1989  when  the  satellite  ephemeris  was  not  used  in  die  FNOC  processing  a  new  qrhenitds  must 
be  generated,  lliis  is  possible  using,  for  example,  orbital  dements  from  the  Space  Sur/eillance 
Center  (SSC)  of  the  United  States  Space  Command  (formerly  NORAD),  Cheyenne  Mountain, 
Colorado  or  the  Naval  Space  Surveillance  System  (NAVSPASUR),  Dahlgren,  Virginia  and  their 
respective  orbital  prediction  programs.  The  difference  in  geolocation  obtained  by  using  the 
satellite  ephemeris  and  that  using  NAVSPASUR  orbital  elements  and  tlie  PPT7  ^hemeris 
prediction  program  for  revolution  10121  is  given  in  Figure  A.  17  as  a  function  of  time.  The 
error  is  at  most  6  km  with  a  standard  deviation  of  2.5  km.  This  accuracy  is  not  strongly 
dependent  upon  the  number  of  revolutions  over  which  the  ephemeris  is  propagated.  The  mean 
and  standard  deviation  of  the  geolocation  difference  between  the  two  nemerides  for  nine 
different  compari  oms  is  given  in  ‘igure  A.  18  as  a  function  of  the  nun  her  of  revolutions 
propagated,  llie  mean  difference  of  all  nine  comparisons  is  2.3  km  with  a  standard  deviation 
of  1.4  km. 
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Figure  A.  17  DMSP  -  PFI7  Ephemerides 
for  Revolution  10121 


Figure  A.  18  Mean  Error  of  PPT7  -  OLS 
Ephemerides  for  Various  Propagations 


It  should  be  noted  that  a  yaw  eorrection  may  result  from  a  timing  or  other  enor  in  the 
start  of  scan  signal  and  need  not  be  an  alignment  error  ot  tlie  spin  axis.  The  pitch  and  roll 
corrections  of  -0.21  and  -0.10  degrees  respectively  are  entirely  consistent  with  the  Hughes 
antenna  beam  alignment  error  specification  with  respect  to  the  spacecraft  of  +/-  0.2  degrees  in 
all  three  axes.  Therefore  the  above  correction  is  consistent  with  the  SSM/1  design  alignment 
tolerances  but  dees  not  necessarily  mean  that  the  SSM/I  axis  is  misaligned  with  respect  to  the 
spacecraft.  However  it  is  possible,  by  using  this  correction  to  the  apparent  spin  axis,  to 
compensate  for  alignment  error  or  other  errors  n  the  overall  system  and  geoiocate  the  SSM/1 
to  an  absolute  accuracy  of  +/- '  km. 

An  example  of  the  improvement  in  geolocation  resulting  from  the  use  of  this  software 
correction  of  the  spin  axis  alignme.ot  is  given  in  Figure  A.  19.  The  85H  image  of  the  southern 
part  of  South  America  obtained  from  levolution  1 1 155  on  17  August  1989  without  the  correcUon 
is  shown  on  the  left  Jid  with  the  correction  on  the  right.  The  n  d  areas  arc  prir  tarily  lower 
elevation  land.  Tht  light  and  dark  blue  areas  in  the  Andes  are  lue  to  snow.  The  light  blue 
areas  in  tlie  vicinity  of  the  Falkland  Islands  are  heavy  clouds.  Note  the  excellent  agreement 
between  tlie  85H  image  and  the  WDB2  coastlines  and  lakes  tlsrougoout  the  image.  It  should  be 
noted  that  this  uniform  spatial  fidelity  can  only  be  obtained  with  the  three  angle  spin  axis 
correction  and  c  mnot  be  duplicated  by  a  simple  two  dinriensionai  translation  of  the  image. 

Accurate  geolocation  is  very  important  for  the  delineation  and  recogniiion  of  small 
atmospheric  and  terrain  features.  This  is  especially  true  if  successive  passes  over  a  specific 
region  are  to  be  averaged  for  the  study  of  slowly  varying  phenomena.  It  is  also  essential  for 
algor  ihm  development  and  validation;  particularly  in  the  case  of  precipitation,  sea  ice  edge  and 
land  surface  type.  Now  that  the  geoUxation  problem  has  been  soived  and  th  methodology  for 
determining  the  correction  ostabiished  the  accurate  geolocalion  of  SSM/I’s  on  future  DMSP 
satellites  can  be  readily  accomplished. 


All 
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